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Wireless Power Transfer (WPT) will be a key enabler of Internet-of-Things (IoT)
networks that consist of low-power devices that harvest energy from Radio Frequency
(RF) signals emitted by base stations or access points. Hence, future networks will
likely have both low-power RF-energy harvesting devices as well as legacy users such
as laptops. In particular, both devices and users will share the same wireless channel
to receive RF energy as well as transmit data.
To ensure they share the spectrum efficiently, this thesis considers resource allo-
cation problems in Orthogonal Frequency Division Multiple access (OFDMA) net-
works. In particular, it considers sub-band/sub-carrier allocation problems that aim
to meet the requirement of low-power devices and legacy users when they co-exist in
the same network. Specifically, for low-power devices, developed solutions must en-
sure low-power devices receive sufficient energy to collect samples or have sufficient
energy to transmit frequently to a gateway. Similarly, these solutions must ensure
legacy users are able to transmit at a given data rate.
The first resource allocation problem concerns two-tier OFDMA based Hetero-
geneous Networks (HetNets). Specifically, it aims to minimize the downlink sum
transmit power of both femto and macro base-stations subject to legacy users and
RF-energy harvesting devices receiving a given data rate and amount of energy,
respectively. It studies sub-carrier and transmit power allocation, and investigates
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novel questions related to interference, which reduces network capacity but im-
proves the amount of harvested energy by RF-energy harvesting devices. To study
these questions, the problem is formulated as a Mixed-Integer Non Linear Program
(MINLP). It contributes three linear approximations to the MINLP where devices
are either assigned one or multiple sub-carriers. Numerical results show that RF-
energy harvesting IoT devices will not affect network capacity if they can harvest
sufficient energy from data transmissions to legacy devices. In addition, if multi-
ple sub-carriers can be assigned to devices, the results show that the sum transmit
power decreases by approximately 15% as compared to assigning a single sub-carrier
to these devices.
Second, this thesis considers an OFDMA based multi-cell environment. In par-
ticular, it considers multiple small cells that co-exist in a small coverage area. The
problem of interest is sub-band(s) allocation to legacy data users and transmit power
allocation at base stations. The problem is formulated as a MINLP. This thesis also
presents two heuristics to assign a sub-band to base stations. Numerical results
show that RF-energy harvesting devices will not affect network capacity if legacy
data users require a high data rate. In addition, the results obtained from the two
proposed heuristics are approximately 95% that of the optimal solution.
Finally, this thesis considers a multi-objective resource allocation problem. Specif-
ically, it aims to jointly maximize the sum-throughput of legacy devices and har-
vested energy of RF-energy harvesting devices. To do this, it considers a problem
that aims to optimize sub-band(s) allocation to each base station and transmit power
allocation over assigned sub-band(s). The problem is formulated as a MINLP. This
problem is solved via a two layer approach. At the first layer, it employs a cross
entropy based iterative solution to assign sub-band(s) to each base station. Given
the assigned sub-band(s), at the second layer, the resulting MINLP becomes a non-
linear program, which can then be solved for the optimal transmit power. Moreover,
an iterative heuristic is proposed to compare the results with that of the CE method.
The simulation results show that transmit power control plays an important role to
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achieve the optimal solution by assigning all available sub-bands to each base station.
Lastly, the cross-entropy method is capable of producing near optimal sub-band as-
signments. The results show that the number of iterations required to achieve the
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1.1 A Brief History
Wireless Power Transfer (WPT) via Electromagnetic (EM) waves was first demon-
strated by Nikola Tesla. In particular, he invented the famous “Tesla Coil” in the
last decade of the 19-th century [1] and use it to show the possibility of transmitting
electricity wirelessly. In particular, he observed that power is transferred wirelessly
to a receiver tuned to the same resonant frequency as the transmitter. In 1891, Tesla
successfully lit Geissler tubes and an electric bulb based on near-field inductive cou-
pling. Later, he constructed the “Wardenclyffe Tower” to transfer electrical energy
wirelessly through the Ionosphere. His vision was to develop a “World Wireless
System”, whereby power is transmitted directly to premises over long distances.
A key problem encountered by Tesla was the conversion of electricity into mi-
crowaves. This problem was solved in 1920 by Albert W. Hull, an American Engineer
who invented the magnetron tubes. Then in 1963, William C. Brown invented the
rectenna, which allows microwaves to be converted to Direct Current (DC) that can
be used to power a load [2]. In 1964, the first long distance wireless power transmis-
sion was achieved by Brown [2]. He demonstrated a microwave-powered helicopter
that flew thirty or more feet from the ground for 10 hours.
1
1.2. Wireless Charging Applications
The invention of the rectenna was a milestone in the field of microwave power
transmission which led to the development of a Solar Power Satellite (SPS). In 1968,
Peter Glaser demonstrated a method for transmitting solar power from a SPS to
Earth. The idea was to harvest energy using solar cells deployed on a SPS and beam
this energy down to Earth in the form of microwaves. Incident microwaves were
then converted to DC by huge rectennas located on Earth. Later in 1975, Brown [3]
demonstrated long range transmission by beaming 450 KW at a frequency of 2.388
GHz across 1.6 Km, and using a parabolic antenna that has a diameter of 26-meter
and a rectenna array with size 3.5x7.3 m2. The rectified DC power was 30 KW at
an efficiency of 82.5%. In 1982, the National Aeronautics and Space Administration
(NASA) developed a thin film plastic rectenna using Printed-Circuit Board (PCB)
technology that allowed a Canadian group to use Microwave Power Transfer (MPT)
to charge and fly a fuel-free airplane or Stationary High Altitude Relay Platform
(SHARP) [4]. Specifically, a 10 KW microwave signal at a frequency of 2.45 GHz
was transmitted to an airplane. It flew for one hour at a height of 150 meters.
Several WPT experiments have been conducted in the last two decades of the
20-th century by Japanese researchers. For example, in 1983, they tested the trans-
mission and interaction of high power microwaves through the ionosphere [5]. An
800 W microwave beam was transmitted from a 2.45 GHz magnetron to study wave-
particle interaction phenomenon. In 1992, a research team from Kyoto University
powered a fuel-free aircraft via microwaves operating at 2.411 GHz using a phased
array of amplifiers and antennas [6]. In 1995, another research group from Japan
succeeded in flying an airship 45 meters above ground using a 10 KW microwave
beam operating at 2.45 GHz [6].
1.2 Wireless Charging Applications
To date, in addition to aerial vehicles, WPT has also been used to charge electric
vehicles. For example, in [7], the authors used WPT to charge stationary or mobile
2
1.2. Wireless Charging Applications
Electric Vehicles (EVs). In the former case, an EV is parked on a charging pad. In
the mobile EV case, the authors place a primary charging coil on roads and a second
coil, aka pickup coil, is mounted on the chassis of an EV. Similarly, in [8], General
Motors Corp proposed to charge a stationary electric car. An EV is equipped with a
three phase Alternating Current (AC) induction motor, a 16.5 to 18.7 kWh battery
and 6.6 kW Magne Charge inductive inverter. In 2011, a group of researchers from
the Korea Advanced Institute of Science and Technology (KAIST) introduced a new
concept called “On-line Electric Vehicle” (OLEV) [9]. Power cables are wrapped
around slim W-shaped ferrite cores to make a “Primary Coil” that is embedded 30
cm beneath the road. The cables are attached to a power grid through a three-phase,
440 V inverter to generate 200A at a frequency of 20 kHz. The researchers managed
to transfer 27 kW of power wirelessly over a distance of 20 cm with a maximum
efficiency of 74% with an input of 35 kW.
WPT will be critical to battery-powered devices such as cell phones, smart
phones and so forth. Also, it will help power Internet of Things (IoTs) comprising of
low-power, possibly battery-less, wireless sensor devices that are increasingly being
used for context aware, environment monitoring, surveillance and smart infrastruc-
ture applications [10]. Apart from that, consumer electronics, medical and defense
devices will also adopt WPT [11]. Example consumer electronics such as tooth-
brushes can now be charged wirelessly [12]. In the medical field, WPT can be used
to charge implanted and surgical devices as well as mobile equipment carts [13]. As
for defense equipment, they include unmanned vehicles, mobile robotics and drones
for military surveillance [11].
Currently, there are a number of commercial ventures that offer WPT products;
see Table 1.1. Companies including WiTricity [14], Qualcomm [15], Mopar [16] and
Mojo Mobility [17] offer products related to low power wireless devices. However,
WiTricity and Qualcomm also sell products for high power electric vehicles as well.
For example, WiTricity sells the WT 8800-RB30 and WiTricity’s DRIVE 11 while
Qualcomm sells WiPower and Halo WEVC products that target wireless devices
3
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and electric vehicles, respectively. Halo WEVC offers better power transfer, i.e., 22
kW, better efficiency, i.e., 90%, as compared to WiTricity’s DRIVE 11. Compa-
nies that offer indoor charging solutions include Energous Corp [18] and PowerCast
Corporation [19]. PowerCast sells Transmitter TX91501, which provides charging
of devices up to 40 to 50 feet. Another example company, PowerbyProxi [20] offers
charging products for rotary electrical equipment and vibrating joints. The product
Proxi-PointTM is a unique electrical device that can transfer both power and data
through any non-metallic materials.
1.3 Wireless Charging Standards
To date, there are two main competing WPT standards. The Wireless Power Con-
sortium (WPC) was established in 2008 [21] with the aim to ensure inter-operability
between a wireless charger and a charging device. The WPC first targeted low and
medium powered devices such as mobile phones and laptops. It introduced the first
open standard called Qi. This standard is supported by more than 200 companies
and over 1300 devices. Many well-known automobile companies like Mercedes, Kia,
BMW, and Toyota have adopted Qi [22]. Many leading companies such as Google,
Facebook, Texas Instruments have deployed Qi chargers in meeting rooms [21]. Qi
supports inductive coupling and resonant charging. Its “Baseline Power Profile” cat-
egory specifies a power transfer of 5 W at a distance of 5mm via inductive coupling
using a frequency range of 110 to 205 kHz. An “Extended Power Profile” category
supports a transfer of 15W over a maximum distance of 45 mm via resonant charg-
ing. Qi supports two placement methods: guided and free. In the former, a mobile
device must be placed in a fixed position whilst in the latter, the mobile device
can be placed in an arbitrary position. Lastly, a Qi charger can communicate with
a charging device and exchange information such as output power density, power
ratings, and current battery charge.
Another WPT standard is by the AirFuel alliance; a merger between Alliance for
4

































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Wireless Power (A4WP) and Power Matters Alliance (PMA) [23]. It aims to offer an
efficient and reliable charging. Their standard called “Rezence” makes drop-and-go
charging solutions simple. In particular, it allows the charging of multiple devices
simultaneously. It supports devices with different power requirements. It comprises
of two technologies: (i) inductive, which offers reliable power transfer ranges from
1 to 5 W over a distance of 1 to 5 cm with a high efficiency of 80%, (ii) uncoupled
WPT, which offers reliable power transfer ranges from 1 to 15 W over a distance of
an inch to 15 feet. Power is transferred via radio waves transmitted at a frequency
of 6.78 MHz ISM band. Bluetooth, which operates at 2.4 GHz, is used to convey
control information. A detailed comparison of both standards is given in Table 1.2.
Table 1.2: WPT standards.
Feature Qi AirFuel Alliance
WPT Technology Inductive Coupling Loosely coupled magnetic
resonance






15 15 to 50
Standby power (µW) 100 100
Range (cm) 1 to 4.5 2.5 to 450
Efficiency 72-80% 80%
Coil to Coil 90% 90%
“DC-In” to “DC-Out” > 85 % 75 %
Operating frequencies 87-205 kHz 6.78 MHz ± 15 kHz
Communication from
transmitter to receiver
Frequency-shift keying Bluetooth 2.4 GHz Band
Communication from
receiver to transmitter
Amplitude-shift keying Bluetooth 2.4 GHz Band
1.4 Operating Principles
Wireless charging technologies can be classified into two categories: near-field and
far-field; see Figure 1.1. Near-field consists of three techniques: inductive coupling,
6
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magnetic resonance and capacitive coupling. Far-field can be further divided into






















Figure 1.1: A classification of WPT technologies.
Near-field wireless charging is concerned with non-radiative WPT over short
distances. It involves two coils that are loosely coupled and tuned to the same fre-
quency [24] [25]. The typical distance between the coils is in the order of one wave-
length. Power is transferred wirelessly via strong electromagnetic induction [26]. Its
operating frequency is usually in the range of hundreds of kilohertz to several mega-
hertz [27]. These low frequency ranges limit the distance between a transmitter and
a receiver to a maximum of one wavelength. The received power is attenuated as per
the cube of the reciprocal of the distance between transmitting and receiving coils,
specifically 60 dB per decade of distance [28]. It means if the distance is increased
ten times then the received power is decreased by a factor of 64 [27]. Therefore,
near-field WPT is not suitable for remote and mobile charging.
Inductive power transfer is based on the principle of electromagnetic induction;
similar in principle to transformers in which the transmitting and receiving coils
make a loosely coupled transformer; see Figure 1.2. It operates as per Ampere’s
7
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circuital and Faraday’s laws of electromagnetic induction. Ampere’s law describes
the relationship between changing electric field and integrated magnetic field across
close loop. Faraday’s law of induction describes the relationship between changing
magnetic field and an induced electric field. A time varying current is passed through
a transmitting coil (L1) which produces a time varying magnetic flux as per Ampere’s
law [8]. This magnetic flux impinges on the receiving coil (L2) and thereby induces
an electric current by Faraday’s law of induction. The induced alternating current


















Figure 1.2: Inductive coupling.
The efficiency of inductive power transfer depends on the mutual inductance and
coupling coefficient, denoted as κ. In particular, the coupling coefficient represents
the fraction of induced magnetic flux from the primary coil at the secondary coil. An
equation that relates the coupling coefficient with inductance is given by κ = M√
L1L2
,
where M is the mutual inductance between the coils, whilst L1 and L2 are the self-
inductance of primary and secondary coils respectively. The value of κ varies from
zero to one, meaning if all the flux generated by the primary coil remains in itself
without any flux impinging on the secondary coil then its value is zero. In this case,
the value of mutual inductance is zero. On the other hand, if all the flux generated
by the primary coil is coupled with the secondary then κ is equal to one. This is an
ideal case in which there is no flux leakage between primary and secondary coils.
The efficiency of inductive coupling can be as high as 80% as compared to other
8
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WPT technologies. There are, however, two prominent limiting factors [27]: (i) the
proximity of transmitting and receiving coils, and (ii) leakage inductance because of
the non-resonance of transmitting and receiving coils. Consequently, the effective
charging distance varies from few millimeters to a few centimeters [28]. However, in
2014, scientists demonstrated a wireless charging technology called MagMIMO [29].
It can charge a wireless device as far as 30 cm away. The charging zone is extended
via magnetic beam-forming by using multiple coils on the transmitter side. The cur-
rent in multiple coils are coordinated so that their magnetic fields are constructively
combined to create a concentrated steered beam towards a mobile phone. In this
way, a MagMIMO transmitter can detect and charge the mobile phone even when




















Figure 1.3: Magnetic resonance coupling.
The next category of WPT is magnetic resonant coupling. It was first demon-
strated to be viable in 2007 by a group of MIT scientists [30]. They transferred 60
W wirelessly to light a bulb at two meters with an efficiency of 40% using a resonant
frequency of 9.9 MHz. An efficiency of 90% is observed at a distance of one meter.
It works as a form of inductive coupling in which power is transferred via a strong
magnetic field between two resonant circuits as shown in Figure 1.3. Resonance is
achieved by adding a coupling capacitance to an induction coil [31]. The combination
of inductance and capacitance constitutes an LC matching circuit. The receiving
coil is tuned to the transmitting coil thereby increasing the efficiency of received
9
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power. This is a mid-range technology with more positional freedom with charging
distance varying from a few centimeters to a few meters. Its power transmission
efficiency varies from 10% to 60% [24]. Interestingly the authors in [30] suggested
that magnetic resonance charging can also be used to charge multiple devices by
receiving coils tuned to the same resonant frequency. However, these receiving coils
must be tuned to minimize the mutual interference between these coils.
Lastly, in capacitive coupling, power is transferred through electrostatic induc-
tion based on the principle of capacitance [32]. The transmitter and receiver form
two electrodes; similar to a capacitor. The transmitting plate is powered by an
alternating voltage, and the oscillating electric field induces an alternating voltage
via electrostatic induction; see Figure 1.4. The power transfer efficiency depends on
the coupling frequency and capacitance coupling between the two plates [32]. The
capacitance is proportional to the area of plates and inversely proportional to the
separation. Therefore, transmitting and receiving plates must be tightly couples and
tuned at proper operating frequency. Capacitive coupling is suitable for low power




Figure 1.4: Capacitive coupling.
Far-field WPT deals with radiative WPT. It exploits radio waves and does not
require coupling between a transmitter and a receiver [27]. It involves the transmis-
sion of high-frequency electromagnetic waves. Typical in the 100 MHz to 300 GHz
10
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range. Energy can also be transferred via other sources of electromagnetic waves
such as infrared, X-rays or laser beams. However, these sources are not widely used
due to safety issues. Consequently, past works aim to exploit Radio Frequency (RF),
especially given the ubiquity of RF that allows devices to power themselves from
existing wireless networks [25]. RF energy sources can either be ambient RF sources
or dedicated and directed RF sources [33]. Examples of ambient RF sources include
cellular base stations and TV stations. Dedicated sources involve power beaming
via directive antennas aka RF power beam forming [34].















Figure 1.5: A RF energy harvesting receiver architecture
An RF energy harvester architecture shown in Figure 1.5. It is comprised of a
transceiver, a harvester and a communicator. On the transmitter side, the input
electric power source can either be an AC followed by a DC converter or can be a
DC that is directly supplied through a battery source. A high efficiency-switching
amplifier called magnetron converts this DC into an RF waveform. The receiver
11
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has a receiving antenna, a matching network followed by a RF to DC converter or
a rectifying circuit, a power management unit and a low-pass filter [24][35]. The
receiving antenna can be designed to work on either a single or multiple frequency
bands. To date, several types of antennas have been designed for energy harvesting.
They include circularly polarized antennas, micro-strip patch antenna and antenna
arrays. For example reference [36] used a broadband log periodic antenna that
operates at 915 MHz with a gain of 5-dBi. In [37], the authors used a circular loop
antenna that operates at a frequency of 2.4 GHz with a gain of 1.1 dBi. The authors
of [38] outline a six-element log-periodic antenna array that is designed to receive
television signals. The antenna array operates at a bandwidth of 500-600 MHz with
a maximum gain of 7.3 dBi. Reference [39] uses a six-element Euclidean printed log
periodic dipole array antenna. It has a bandwidth of 540 to 560 MHz with a gain
of 5 to 7.3 dBi.
The Impedance Matching Network (IMN) is a resonator circuit. It is tuned to
match the output impedance of the receiver’s antenna with the input impedance of
the voltage multiplier. The aim is to reduce transmission loss and thereby, maximize
power coupling efficiency. When the input antenna is not properly matched to the
rectifier, it causes a part of the incident power to reflect back into the environment
without absorption. Therefore, IMN is critical to ensure a high received power and
in turn yields a high energy harvesting efficiency; see Table 1.3.
The DC output of the rectifier needs to be boosted by a voltage multiplier con-
sisting of cascaded, multi-stage full wave rectifiers. These rectifiers are constructed
mainly from Schottky diodes. Their performance depends on factors such as thresh-
old voltage, junction resistance, junction capacitance and harmonic generation [35].
Furthermore, the non-linear behavior of a diode at high frequencies produces para-
sitic harmonics that reduce power conversion efficiency.
The voltage multiplier is followed by a low pass filter that removes transients and
harmonics from the output signal, which ensures smooth delivery of power to the
load. References [38] used a 100 µF multi-layer ceramic capacitor while reference [40]
12
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used a super capacitor of 1000 µF. Additionally, an output capacitor can also serve
as an energy reservoir that power loads such as a battery bank [37] [36], sensors [41],
and a PIC controller [42].
To date, there are many state-of-art RF energy harvesters; see Table 1.3. The
most commonly used technologies are Complementary Metal-Oxide Semiconductor
(CMOS) and HSMS. Generally, -22 to -14 dBm RF input power is required to
achieve 1V DC output [24]. These energy harvesters can be characterized by two
metrics [55]: (i) Power Conversion Efficiency (PCE), which is defined as the ratio
of power received by the antenna to the output power delivered to a load. This is
also known as RF-to-DC conversion efficiency, (ii) sensitivity. This is the minimum
threshold power required to trigger energy harvesting. From Table 1.3, we see that
reference [37] designed a six-stage voltage multiplier with a PCE and sensitivity of
-30.7 dBm and 10%, respectively. The resulting output voltage is 1V. The authors
of [46] designed a 12-stage voltage multiplier with a PCE and sensitivity of -20.5
dBm and 21% respectively. We see that the input power is critical to ensuring a
high output voltage and conversion efficiency. For example, in [52], an efficiency of
69% is achieved with an RF input of 5.2 dBm. On the other hand, in [43], an -10
dBm RF input power yields very low power conversion efficiency; i.e., 10%.
The advantages and disadvantages of near and far-field WPT technologies are
summarized in Table 1.4. For near-field technologies, the main advantage is their
high efficiency, which are dependent on two factors. First, the separation between
the transmitter and receiver is critical. Both should be tightly coupled in order
to yield the maximum efficiency [27] [56] [32]. Hence, near-field WPT technologies
are only useful for short range charging applications. Another factor is orienta-
tion, whereby a slight misalignment between a receiver and a transmitter decreases
efficiency significantly [32] [27][7]. For these reasons, far-field technology is advan-
tageous over long distance as compared to near field technologies. The received
power conversion efficiency and density depend on the directivity of energy waves



























































































































































































































































































































































































































































































































































































































































































is attenuated as the reciprocal of the square of the distance between a transmitter
and a receiver; equivalently, 20 dB per decade of the distance [8]. However, the
main challenge for far-field is low efficiency which can be addressed effectively via
beam-forming or highly directive antenna arrays [6].
The advent of WPT technologies has many notable implications. Namely,
1. Batteries are a major source of metals like lead, cadmium, mercury and arsenic.
These metals are extremely toxic and harmful to humans and the environ-
ment [57]. WPT enables future devices to be battery-less; for example, Intel
has developed the Wireless Identification and Sensing Platform (WISP) [58]
that relies solely on the power supplied by RFID readers. WPT thus makes
devices environmentally friendly as it reduces the number of disposed batter-
ies. This also means WPT allows devices to be truly wireless; i.e., they no
longer need a power cord.
2. WPT will be critical to medical devices that rely on batteries [13]. For ex-
ample, current pacemakers rely on a battery. With WPT, devices such as a
pacemaker can be charged externally via WPT [59], which obviates the need
to operate on a patient periodically in order to change the batteries that power
the pacemaker.
3. Advances in modern electronics have enabled the miniaturization of devices [60].
However, the size and weight of battery limits any further reduction in size.
To this end, WPT enables these devices to forego a battery and thus allowing
them to have an even smaller form factor.
4. Wireless networks are increasingly being deployed in remote areas. For exam-
ple, wireless sensor networks [61] can be deployed on a farm. Instead of having
their battery replaced periodically, they can be charged wirelessly by a Un-
manned Aerial Vehicle (UAV) [62][63]. Moreover, deployed nodes can share
energy with each other [64]. This energy cooperation paradigm will have a






















































































































































































































































































































































































































































































































































































































































































































































































































1.5. RF Powered Networks
5. WPT allows both information and energy to be transferred over the RF spec-
trum. For example, the authors of [65],[66] and [10] proposed Simultaneous
Wireless Information and Power Transfer (SWIPT), whereby a node uses time
or power splitting or an integrated receiver to facilitate charging and/or re-
ception of information. This is significant because the same radio on a node
or any part of the spectrum can be used to charge a node.
1.5 RF Powered Networks
RF-energy harvesting technologies give rise to to Wireless Powered Communication
Networks (WPCNs) [24]. In a WPCN, low-power wireless sensors or devices are
equipped with a RF-energy harvester. In general, these devices operate in two
phases. In the first phase they first harvest energy from RF signals emitted by a
transmitter, and in the second phase, using their harvested energy, they transmit
data to a receiver.
In a WPCN, there are two types of static wireless chargers or access points. The
first type called Energy Access Point (E-AP) provides dedicated wireless charging to
energy harvesting devices. The second type called Hybrid Access Point (HAP) pro-
vides data communications in addition to wireless charging. These types of chargers
give rise to two research directions. The first direction is called out-band wireless
charging in which RF charging and data communication are performed separately
[67]. The second direction is called in-band wireless charging in which access points
perform RF charging and data communication simultaneously, commonly known as
Simultaneous Wireless Information Power Transfer (SWIPT) [68].
Figure 1.6 illustrates four types of wireless charging systems for a WPCN. Fig-
ure 1.6(a) shows a WPCN with a HAP that charges devices using downlink trans-
missions whereas devices upload their data to the HAP using their harvested energy.
Figure 1.6(b) shows a WPCN with a dedicated E-AP in which wireless charging and
information transfer are conducted separately. Specifically, the E-AP charges wire-
17










Figure 1.6: Example models of a WPCN. Solid arrows denote data transmissions,
dotted arrows denote energy transmissions, and eclipses denote energy beam.
less powered devices in the downlink. After that, using their harvested energy, these
devices transmit information to the D-AP. Figure 1.6(c) shows a WPCN with a
relay that facilitates the charging of a wireless powered device and upload of data to
the HAP. Lastly Figure 1.6(d) shows a WPCN with an E-AP and a multi-antenna
wireless powered device where a dedicated energy beam is used for the sole purpose
of charging while data transmissions are performed separately.
1.6 Problem Space and Motivation
This thesis addresses RF charging problems in Orthogonal Frequency Division Mul-
tiple Access (OFDMA)-based networks. Briefly, networks using Orthogonal Fre-
quency Division Multiplexing (OFDM) divide a wide-band signal into multiple
narrow-band sub-carriers. These sub-carriers are orthogonal to one another and can
be allocated to only one user at a time. However, OFDMA is a multi-user scheme
of OFDM, where groups of non-contiguous sub-carriers can be assigned to multiple
18
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users at the same time. Thus, multiple users can transmit at the same time [69]. The
advantages of OFDMA include multi-user diversity, frequency diversity, combating
inter-symbol interference and multi-path fading [69].
Numerous researchers have widely investigated resource allocation problems in
OFDMA systems that consist of legacy/data users only. Their main aims are to
maximize system throughput, interference management or transmit power control.
However unlike past works, this thesis considers energy harvesting devices that are
placed with legacy devices such as laptop computers to study their impact on the
performance of OFDMA networks. These energy harvesting devices are charged by
an ambient and dedicated RF sources. In the case of ambient RF sources, an energy
harvesting device receives energy from data transmissions to a legacy device. As
for charging by a dedicated RF source, a base station may allocate a sub-carrier to
charge an energy harvesting node.
Figure 1.7 illustrates an example OFDMA-based network considered in this the-
sis; it is comprised of a macro cell with an underlay of small cells. Each cell has
both legacy data users and energy harvesting devices. Each Base Station (BS) al-
locates radio resources to its data users and energy harvesting devices. Solid lines
show information transfer to legacy/data users whereas doted lines show RF energy
transfer to energy harvesting devices. Note that this network shows two types of
system models: (i) a two-tier network with a macrocell underlay small cells, and (ii)
a one tier network with multi-cells without a macrocell.
This thesis aims to allocate radio resources to both legacy data users and energy
harvesting devices. It involves the allocation of a radio resource to devices and
transmit power control management at BSs. In particular, a radio resource can
either be a sub-carrier assigned to a user or a sub-band assigned to a BS. A key
objective of this thesis is to determine which radio resource is to be assigned to a
user or a BS and how much transmit power is required over each assigned resource.
More concretely, this thesis aims to solve three resource allocation problems: (i)
minimize the transmit power of BSs in a two-tier OFDMA Heterogeneous Network
19





Figure 1.7: A general layout of an RF energy harvesting network.
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(HetNet), (ii) minimize the transmit power of BSs in multi-cell OFDMA networks,
and (iii) maximize the sum-throughput and harvested energy in multi-cell OFDMA
networks. The following sections further elaborate these aims and the corresponding
resource allocation problems.
1.6.1 Minimizing Sum Transmit Power in HetNet
An objective of this thesis is to minimize the sum transmit power over all assigned
sub-carriers in a two-tier OFDMA-based HetNet. The key challenges are to deter-
mine (i) the sub-carrier(s) assigned to each legacy/data users, (ii) the sub-carrier(s)
assigned to energy harvesting devices if dedicated charging is required, and (iii) the
amount of transmit power required over each assigned sub-carrier to meet the QoS
requirement in terms of minimum data rate and harvested energy of both data users
and energy harvesting devices respectively.
One possible solution is to assign a sub-carrier to at most one user, where each
link has a distinct sub-carrier; see Figure 1.8(a), where four sub-carriers are assigned
to four possible links. However, interference occurs when a sub-carrier is assigned
to multiple users at the same time as shown in Figure 1.8(b). The same sub-carrier
n1 is assigned to both data users M1 and M2, and thereby causing interference
between them. On the other hand, the same sub-carrier may be assigned to an
energy harvesting node by one or more BSs. In Figure 1.8(c), the same sub-carrier
n2 is assigned to an energy harvesting device by a Femto Base Station (FBS) and a
Macro Base Station (MBS).
Another possible solution to avoid interference is to reduce the transmit power
of interfering data users. If distinct sub-carriers are allocated to each legacy/data
user, then the transmit power will not cause interference as shown in Figure 1.9(a).
However, if the same sub-carrier is assigned to more than one user, then transmit
power control becomes critical. Referring to Figure 1.9(b), a solution is to assign the
same sub-carrier n1 to both data users M1 and M2, but with transmit power control
21

























Figure 1.8: Different approaches for sub-carrier allocation in an OFDMA-based two-
tier network: a) distinct sub-carriers, b) same sub-carrier for data users, and c) same
sub-carrier for an energy harvesting device.
carried out by their respective BS. Note that if M1 is co-located with M2, then same











































Figure 1.9: Different approaches for transmit power allocation in an OFDMA-based
two-tier network: a) distinct sub-carriers, b) same sub-carrier for data users with
interference, and c) with transmit power control.
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1.6.2 Minimizing Sum Transmit Power in Multi-Cell Net-
works
The second problem is similar to the first problem but considers multi-cells. In par-
ticular, it considers joint allocation of sub-bands and transmit power to each BS in an
Ultra-Dense Network (UDN). The objective is to minimize the sum transmit power
over all assigned sub-bands whilst each data/legacy user and energy harvesting de-
vice must receive their required data rate and energy rate respectively. An important
consideration is to reuse sub-bands due to bandwidth scarcity. In addition, BSs will
need to carry out transmit power control. Therefore, the key challenges are to de-
termine (i) the sub-band(s) assigned to each BS, (ii) the amount of transmit power
required over each assigned sub-band to meet the QoS requirement of both data
users and energy harvesting devices. Moreover, it considers energy harvesting from
data transmissions only which means that there is no dedicated charging. Thus, the
problem becomes more challenging when there is a fixed data rate requirement of
legacy/data users whilst the amount of harvested energy increases.
1.6.3 Maximizing Sum-Throughput and Harvested Energy
in Multi-Cell Networks
The third problem is an extension of the second problem but it aims to maximize the
sum-throughput of data users and harvested energy of energy harvesting devices;
i.e., it is a multi-objective optimization problem. Similar to the second problem,
it also considers joint allocation of sub-bands and transmit power to each BS in
multi-cell OFDMA networks. An important consideration is to balance between
data and energy harvesting rates of legacy/data users and energy harvesting devices
respectively. In addition, a high transmit power set by BSs improves the energy-
harvesting rate of energy harvesting devices and thereby decreases the overall sum-
rate of legacy/data users due to increased interference level. On the other hand, a
low transmit power set by BSs is promising for interference management but not
23
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for energy harvesting. In this respect, a key challenge is to determine a trade-off
between these two conflicting objectives.
1.7 Contributions
This thesis contains the following contributions.
1.7.1 Minimizing Sum Transmit Power in a HetNet
The first problem is modeled as Mixed Integer Non-Linear Program (MINLP), where
its objective is to minimize the sum transmit power in a HetNet. Its main constraints
are maximum transmit power per BS, minimum data rate requirement of legacy data
users and minimum harvested energy requirement of energy harvesting devices. As
the MINLP is NP-hard, this thesis outlines three novel linear approximations. The
first approximation called single data carrier, assigns only one sub-carrier to legacy
data user or energy harvesting device to achieve the given data rate or harvested
energy. The second approximation called multiple data carrier with multiple data
rates, creates multiple intervals with respective to corresponding data rates. There-
fore, one or more sub-carriers can be assigned to achieve the given data rate or
harvested energy. Lastly, the third approximation called multiple data carriers with
a single data rate, uses a fixed data rate over all assigned sub-carriers irrespective
of SINR threshold. This thesis also analyzes the impact of minimum data rate
of legacy/data users, minimum harvested energy rate of energy harvesting devices,
number of data users, data carriers and increasing number of femto-cells.
1.7.2 Minimizing Sum Transmit Power in Multi-cell Net-
works
The second problem is also modeled as a MINLP, where its objective is to minimize
the sum transmit power in multi-cell networks. Its main constraints are similar to the
24
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first problem: transmit power budget of each BS and QoS requirement of each data
user and energy harvesting device. The optimal solution of MINLP is obtained where
the decision variables are sub-bands assignment and transmit power allocation. In
addition, this chapter uses a piece-wise approximation approach to model non-linear
constraint of energy harvesting. To solve large scale problems, two heuristics are
proposed for sub-band assignment. As a result, the sub-band assignment is no longer
a decision variable and becomes a constant. The first heuristic, called sub-band
assignment using fractional frequency reuse, assigns sub-bands using the standard
frequency reuse formula. The second heuristic is a greedy algorithm that assigns
sub-bands in a manner that ensures two adjacent BSs have a different sub-band.
1.7.3 Maximizing Sum-throughput and Harvested Energy
in Multi-cell Networks
The last contribution concerns the optimizing of both the data rate of legacy data
users and the amount of energy harvested by energy harvesting devices. The prob-
lem is formulated as an MINLP to address multi-objectives of maximizing sum-
throughput and harvested energy in multi-cell networks. Its constraints are the
maximum power budget of each BS and that each BS must have at least one sub-
band. In addition, the MINLP models the RF-energy conversion process as a Sig-
moid function. A key contribution is the use of a Cross Entropy (CE) based heuristic
to carry out sub-bands assignment. To this end, this chapter analyzes the impact
of learning rate, percentile and the number of samples on the convergence of the
cross-entropy method. Furthermore, a small topology is also considered to compare
the results of all possible combinations of sub-bands assignment with that of the
results given by the cross-entropy method. Finally a heuristic approach is proposed
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1.9 Thesis Structure
The remainder of this thesis is structured as follows:
1. Chapter 2 contains a survey of prior works related to OFDMA-based networks.
In particular, it focuses on those works that study interference management
in the presence of data users only. In addition, it also compares the impact of
energy harvesting devices in existing networks.
2. Chapter 3 outlines the problem of minimizing sum transmit power in HetNet
and studies interference management with the presence of energy harvesting
devices in HetNets. It proposes three linear approximations namely single
data carrier, multiple data carriers with multiple data rates and multiple data
carriers with single data rate, to address the non-linear part of formulation.
In addition, this chapter studies the impact of the minimum data rate require-
ment of legacy devices, minimum energy rate requirement of energy harvesting
devices, data users, data carriers and increasing number of cells.
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3. Chapter 4 outlines the problem of minimizing the sum transmit power in multi-
cell networks and proposes two heuristics to solve this problem in large scale
networks. It also studies fixed and unfixed assignment of sub-bands. In ad-
dition, this chapter studies the impact of non-linear energy harvesting model,
minimum data rate requirement of legacy devices, minimum energy rate re-
quirement of energy harvesting devices, comparison of fixed and non-fixed
assignment of sub-bands and lastly it compares the results of two proposed
heuristics with MINLP.
4. Chapter 5 considers the problem of maximizing both sum throughput and
energy harvesting in multi-cell networks and presents a solution based on the
cross-entropy method. In addition, this chapter studies the convergence of the
CE method with respect to the number of samples, learning rate and percentile
used to identify elite samples.
5. Chapter 6. This chapter concludes the thesis, summarizes research outcomes




This chapter reviews past works that have proposed radio resource management
algorithms for one or multi-tier OFDMA-based networks. Briefly, these algorithms
involve joint allocation of a sub-carrier and transmit power over an assigned sub-
carrier. Another body of research relates to works that have considered sub-band
assignment and transmit power allocation in multi-cell OFDMA networks. These
works either do not consider RF-energy harvesting users or the problems discussed in
Section 1.6. Next, Section 2.1 discusses the works that have considered only legacy
data users without EH devices in OFDMA-based networks. After that, Section 2.2
outlines those that have considered RF energy harvesting devices in addition to
legacy data users. A summary of prior works is presented in Section 2.3. Figure 2.1
shows the structure of this chapter.
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To date, numerous past works have focused on downlink radio resource algorithms in
OFDMA networks. In particular, this section considers different algorithms to ad-
dress inter-cell interference (ICI) through coordination among the cells. These works
do not consider energy harvesting devices. The major problems addressed by these
works include (i) maximizing system throughput or sum-rate of legacy or data users,
(ii) interference management via transmit power control and to satisfy the Quality
of Service (QoS) requirement of legacy users. To this end, Section 2.1.1 summarizes
the works that have considered multi-user one-tier networks. Section 2.1.2 discusses
works that have considered one-tier multi-cell networks. Lastly, Section 2.1.3 out-
lines those that have considered a multi-tier HetNet.
2.1.1 Multi-user OFDMA Networks
An OFDMA based one-tier network consists of a base station that serves multiple
users within a cell. Some challenges in multi-user OFDMA networks include spectral
efficiency, QoS requirement of every user in terms of their required throughput and
Bit Error Rate (BER). Also, the network must ensure co-channel interference among
users must be within a limit. To this end, Section 2.1.1.1 summarizes works that aim
to maximize system throughput whereas Section 2.1.1.2 outlines those that optimize
total transmit power.
2.1.1.1 Throughput Maximization
Many prior works have focused on rate adaptation whereby they aim to maximize
throughput/sum-rate of users subject to the constraints of total transmit power
and proportional fairness among the users data rate. The basic idea is to assign
the sub-carrier(s) to the data users with the best channel condition. The transmit
power is allocated over the assigned sub-carriers using a water-filling method [70].
These works assume perfect Channel State Information (CSI). However, in practice,
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perfect CSI is not possible due to channel estimation errors [71].
Yin et al. in [72] aim to maximize the overall system throughput using two steps.
Their first step is to increase the number of sub-carriers assigned to each user as well
as transmit power allocated over each assigned sub-carrier until each user achieve
minimum required data rate. The second step is to determine this particular set of
sub-carriers and modulation coding scheme based on channel condition. In [73], the
authors propose a different algorithm to maximize the total data rate of all users
using transmit power adaptation. They allow multiple users to share a sub-carrier
with the best channel condition. In particular, the first step is to select a set of users
which can transmit on the selected sub-carrier with the best gain. The second step
is to distribute transmit power equally among the assigned sub-carriers.
Many works have also considered proportional fairness among the users data
rate. For example in [74], the authors proposed two sub-carrier allocation schemes
based on channel frequency responses. In the first scheme, they fix the number of
sub-carriers allocated to a user in order to achieve fairness among all users. The next
step is to maximize the sum-rate by applying a greedy algorithm for a given transmit
power budget and required threshold of BER. Each user is sequentially allocated a
sub-carrier that has the highest SNR among all available channels. For the second
scheme, initially, a sub-carrier is assigned to a user with the best frequency response.
Next for the next user, it is assigned a sub-carrier with the best channel. This process
continues until all the users have a sub-carrier. The same process is repeated for
the remaining set sub-carriers in reverse order. In particular, this time a channel
with the best frequency response is assigned to the last user of the first step. As a
result, fairness among all users improves in terms of equal number of sub-carriers
allocation and data rate.
A similar work in [75] proposed a resource allocation scheme to improve the
overall system throughput. The authors consider throughput of all users over each
sub-carrier based on channel condition and propagation path. Each user has a
different response over each sub-carrier due to different channel condition and mod-
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ulation schemes. The appropriate selection of a sub-carrier for a user with proper
modulation scheme can improve the throughput. Therefore, the authors consider
throughput-based sub-carrier allocation. They give selection priority of a sub-carrier
with the best throughput instead the best SNR. As a result, a sub-carrier is allocated
to a user with highest throughput instead of best SNR.
One of the challenges of resource allocation in an OFDMA-based system is to
deal with imperfect CSI. This is because it affects the performance of a system in
terms of data rate. For example the work presented in [76], the authors investigate
the impact of imperfect CSI on the performance of a multi-user OFDMA system.
They aim to maximize total throughput subject to the following constraints. There
is a maximum budget for transmit power over a sub-channel and each sub-channel
can be assigned to only one user. They model time varying imperfect channel us-
ing Gaussian distributed estimation error. They propose an iterative heuristic to
solve the problem. In a similar work [77], the authors investigated the problem
of sub-carrier and transmit power allocation under imperfect CSI that affect the
channel estimation cost on users data rate. They aim to maximize energy effi-
ciency of each user. For the channel estimation, transmitter sends a pilot signal
to the receiver to estimate CSI. The receiver employ minimum-mean square error
method for the estimation of CSI. They solve this problem using non-cooperative
game approach. Table 2.1 compares prior works from five aspects: problem, trans-
mission link, CSI, fairness and proposed solution. Specifically, in terms of objective,
all of these works aim to maximize the downlink sum-throughput under the con-
straints of maximum allowable power budget and the total number of sub-carriers.
The resource allocation algorithms proposed in [72–74] and [75] consider perfect
knowledge of CSI. However, references such as [75] and [76] consider imperfect CSI.
References [72, 73, 76] and [77] consider proportional fairness among the users data







































































































































































































































































































































































































































































































2.1.1.2 Transmit Power Minimization
The works involves an iterative algorithm that aims to minimize transmit power
with fixed users data rate. Their objective is to assign sub-carriers with the best
channel condition such that minimal transmit power is required to achieve the de-
sired data rate. Hence, the modulation scheme and transmit power allocation over
each assigned sub-carrier is optimized in order to achieve the QoS requirement of
all users. A key assumption in these works is the knowledge of channel conditions
which can either be perfect or time varying.
The authors in [78], proposed a multi-user resource management algorithm of
sub-carrier and transmit power allocation with an adaptive modulation scheme.
They aim to minimize the total transmit power over perfect CSI. This aim is achieved
by assigning a set of sub-carriers and by determining the bit loading along with
transmit power over the assigned sub-carriers under instantaneous fading environ-
ment. The constraints include minimum data rate requirement of each user and
each sub-carrier can be allocated to only one user. As a solution approach, the
authors employ Lagrange dual decomposition approach. In a similar work in [79],
the authors consider single cell, multi-user model and solve the same problem of
minimizing total transmit power using two steps. The first step is to determine
the number of sub-carriers required to achieve the desired data rate of each user
based on perfect knowledge of CSI. The second step is to assign a set of those
specific sub-carriers to each user. The authors proposed two sub-optimal greedy
algorithms to solve this problem. The first algorithm called rate-carving, aims to
maximize users data rate whereas the second algorithm called amplitude-carving, is
more computationally efficient with reduced complexity.
Chen et al. in [80] enhanced the performance of the algorithm proposed in [78]
with the same computational complexity. They propose an improved sub-optimal
solution to the problem of sub-carrier and transmit power allocation. The authors
update pairs of sub-carriers and users with an objective of minimizing the total
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transmit power. They introduce an iterative swapping of sub-carriers among the
users in order to find the transmit power reduction factor. If this factor is positive
in an iteration then it means that the transmit power obtained after swapping has
reduced. This process continues until the power reduction factor becomes negative
for all users.
One of the key considerations while designing joint sub-carrier and transmit
power algorithms in OFDMA systems is fairness among the users. For example
the authors in [81] extend the work in [78] to consider the BER of users. They
proposed a sub-optimal solution based on iterative sub-carrier swapping algorithm
that was proposed in [78]. The authors in [82] further improve the total trans-
mit power minimization while considering fairness among the users. In particular,
their objective is to minimize the number of outage sub-carriers. They address this
problem by assuming the condition of equal data rate over all sub-carriers while
considering multiple data rates of each user. The multiple data rates of users can
be achieved by assigning different number of sub-carriers according to their distinct
data rate requirement. For this purpose, they propose two algorithms based on
Hungarian method. The first algorithm provides optimal solution with high compu-
tational complexity whereas the second algorithm provides a sub-optimal solution
with reduced computational complexity.
The time-varying nature of a channel is also critical in the resource allocation
problems of OFDMA networks. Briefly, CSI does not remain the same at the time
of channel estimation and at the time data transmission for real-time applications.
Numerous works have considered fading channel variations over time in OFDMA
networks. For example, the authors in [83] consider a real-time fast fading channel
with imperfect CSI. They aim to minimize the overall transmit power. They propose
an iterative heuristic algorithm based on Hungarian method to solve the problem of
sub-carrier and transmit power allocation. The sub-carriers are sorted in descend-
ing order with respect to the channel gains. Each user is assigned sub-carrier(s)
according to the their data rate requirement. This initial sub-carrier allocation is
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updated iteratively to improve objective function. In [84], the authors extends the
work in [80] to consider time-varying channels. The authors propose an adaptive
allocation scheme that considers the tracking of slow varying information between
the contiguous time frames. In particular, they use the information of previous
time frame to obtain the solution of the current time frame. They aim to minimize
the overall transmit power under the constraints of users data rate and BER. In-
stead of a heuristic approach, the authors derived the evaluation theoretically using
Lagrangian method.
Table 2.2 summarizes the aforementioned works related to transmit power min-
imization in one-tier OFDMA networks. We see that all of these works aim to
minimize the total transmit power by proposing the algorithms with different as-
sumptions and computational complexities. Moreover, only works [82] and [84]
consider proportional fairness among the users data rates.In addition, works such
as [83] and [84] consider time-varying channel conditions.
2.1.2 Multi-Cell OFDMA Networks
There are many works that have considered sub-band and transmit power allocation
in multi-cell networks. Their aim is to minimize interference and meet the Quality
of Service (QoS) requirement of legacy users; i.e., they do not consider RF-energy
harvesting users. Briefly, interference avoidance techniques can be classified into cell
coordination-based and frequency reuse based schemes [85]. The cell coordination
based dynamic resource allocation schemes can be further classified as centralized or
distributed. In centralized schemes, a radio network controller assigns the resources
from its central pool when users generate a request and then these are returned back
to the pool when become idle. In contrast, the base station itself make a decision
to assign radio resources to its users, called distributed schemes [86].
Many authors have considered interference avoidance using cell coordination




































































































































































































































































































































































































































































































































































































































band allocation and transmit power control aiming to maximize the sum-rate of the
downlink in multi-cell OFDMA system. Their proposed formulation is a highly non-
convex optimization problem. However, since the optimal solution for this problem
is highly difficult to find, they propose an algorithm to find the solutions for upper
and lower bounds on the maximization of overall system capacity. They propose a
sub-optimal heuristic approach to solve the problem. In [88], the authors proposed
centralized resource allocation scheme using channel state information and QoS re-
quirement. The authors propose two level resource allocation scheme; at first level,
the controller assigns sub-channels to BSs and then at second level, BSs assign their
allocated sub-channels to its users based on the knowledge of CSI and data rate re-
quirement. The aim is to maximize to the overall downlink and uplink throughput
of the system. They find a sub-optimal solution to the problem using an iterative
heuristic approach.
Yassin et al. in [89] consider the same problem as [87] but also consider pro-
portional fairness among all users. They divide the joint resource allocation prob-
lem into two independent problems: assigning a resource problem and allocation
of transmit power over the assigned resource. They solve these problems using
Lagrange dual decomposition and sub-gradient projection methods. The authors
in [90], propose a different approach to solve this highly non-convex problem of re-
source allocation for downlink in a multi-cell environment. First, they transform
the problem into signomial and then they use geometric programming approach to
solve it. In particular, they try to minimize the gap between upper and lower bound
and find a near-optimal solution.
The authors in [91] address the same problem but with a different objective of
minimizing the total transmit power which further reduce interference and fading.
They also consider proportional fairness among the users data rate according to
their individual QoS requirement. The proposed resource management works in
three steps. In the first step, a BS is allocated to the user based on its channel
conditions. In the second step, the assigned BS allocates sub-carrier(s) to the user.
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Lastly, in step 3, bit loading and transmit power is allocated over the assigned
sub-carries.
Interference avoidance based on frequency reuse has also been studied widely in
the literature. Prior works aim to improve spectral efficiency and fairness among
users. In particular, the interference of users located at cell-edge is of concern. To
address this problem, the authors of [92] partition the available spectrum into two
groups. The first group is assigned to center users while the second group is allocated
among cell-edge users based on interference levels generated by neighboring cells.
Note that these two groups are orthogonal to each other. Also the cell-edge group is
further partitioned into three orthogonal sectors. To improves the spectral efficiency,
each sub-carrier is available for both cell-centre and cell-edge users in the proposed
overlapped architecture. However, the authors identify a certain avoiding ratio of
sub-carriers that can only be allocated to cell-center users. Each BS determines
this ratio dynamically, based on the interference levels from its neighbouring cells.
The aim of this work is to maximize sum-throughput of the system. In a different
work in [93], the authors address the same problem by introducing clustering based
frequency reuse. In particular, the authors redefine the corner zones of cell-edge users
based on geographical distribution of ICI in a multi-cell environment. A cluster is
formed between two adjacent sectors of neighboring cells where interfering BSs cause
maximum ICI. The authors further divide the frequency band allocated to cell-edge
users into three orthogonal groups. One of these groups is assigned to each cluster
situated at the boundaries of neighboring cells. This clustering based scheme has
improved the overall throughput of the system than that of conventional frequency
reuse scheme.
The work in [94] defines an interference avoidance factor to allocate sub-bands
in accordance with the number of users. In particular, this factor is used to avoid
the interfering sub-carriers on the basis of interference level. The authors divide
the available sub-carriers into four orthogonal groups with three levels of transmit
power control. The first group with the highest transmit power level is assigned to
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the cell edge users due to long distance. The second group with the intermediate
transmit power level is assigned to the cell-centre users. The last two groups with
the lowest transmit power level are assigned to the cell centre users based on their
channel conditions. In addition, the authors also consider the factors of fairness and
weight factor. The authors of [95] propose two frequency reuse schemes to improve
the SIR ratio of cell-edge users in uplink. They split the cell-edge user areas into
seven sectors and assign distinct sub-bands among the adjacent sectors to address
ICI. Selim et al. in [96] propose a chunk-based frequency reuse scheme to improve
spectral efficiency and rates of cell-edge users. In particular, multiple contiguous
sub-channels are grouped into a chunk. The authors propose two algorithms for
the assignment of these chunks among the users to address ICI. In first algorithm,
chunks are allocated to the users with respect to their channel conditions followed
by bit loading and transmit power allocation. In second algorithm, these chunks are
allocated in round robin without considering CSI.
Table 2.3 summarizes the aforementioned works related to multi-cell OFDMA
networks. In particular, it compares prior works based on six aspects: interference
avoidance scheme, transmission link, fairness, objective, constraints and solution.
Specifically, in terms of interference avoidance schemes, the works in [87–90] and [91]
used a cell-coordination technique whereas the the works in [92–95] and [96] used a
frequency reuse technique. All of these works consider downlink transmission except
the authors in [87], where they consider both uplink and downlink transmission and
[95] consider uplink transmissions. All works consider proportional fairness except
for the works in [87] and [91]. These works aim to maximize the overall system
throughput except the work [91], which aims to minimize the total transmit power.







































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































There are a number of works that have considered an OFDMA based two-tier hetero-
geneous network with one macro and femto base stations. The two major challenges
are sub-channel and power allocation. Co-channel interference can be mitigated by
assigning one sub-carrier to at most one user within a BS. However, the critical issue
is to mitigate cross-tier interference caused by users belong to different tiers. These
works aim to maximize system throughput subject to the following constraints.
Each device within a BS must be assigned a different sub-channel to avoid co-tier
interference. The sum of transmission powers used over all assigned sub-carriers for
each base station must be less than maximum allowable transmission power.
Joint transmission power and sub-channel allocation has been widely investigated
for femto data users. For example, the authors in [97] optimize a multi-objective
problem of total sum-rate and transmission power allocation of femto data users.
They introduce a weighing coefficient to combine two conflicting objectives: sum-
rate maximization and transmit power minimization. The sum-rate is to be maxi-
mized to improve the system overall performance. On the other hand, transmission
power is to be minimized to mitigate cross-tier interference. Hence, the authors
introduce a weighing coefficient to combine these two conflicting objectives. They
consider two different two-tier network models namely general and special cases.
The first case deals with urban areas where femtocells are very close. The authors
proposed an iterative solution to address this non-convex optimization problem by
using a technique based on Sequential Quadratic Programming (SQP). The second
case deals with rural areas where femtocells are widely spread so that their mutual
interference can be ignored. They proposed a solution to this convex optimization
problem by using Lagrange dual decomposition approach with Karush-Kuhn-Tucker
(KKT) conditions.
The authors in [98] propose a joint transmission power and sub-channel alloca-
tion solution for both femto and macro users. They aim to maximize the sum-rate
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of femtocell users whilst ensuring macro users attain their required data rate. They
proposed an iterative algorithm that alternately optimizes sub-channel assignment
to users and power allocation to base stations at every step. For a fixed transmis-
sion power, sub-channel assignment policy is to assign a channel with the maximum
SINR to satisfy the minimum data rate requirement of macro users. However, for
a given sub-channel allocation, the power allocation is optimized by a successive
convex approximation (SCA) based approach. This approach transforms the prob-
lem into three sub problems. These SCA based approaches are arithmetic-geometric
approximation, logarithmic approximation and difference-of-two-concave-functions
(D.C) approximation which converge the solution to optimum value.
The authors in [99] aim to maximize the system throughput by considering joint
allocation of transmit power and sub-channels. The traditional system comprises of
one macro base stations along with several small cells. They extended this model to a
large-scale network by proposing a hierarchical framework that consists of hundreds
for hyper-dense small cells. The existing state-of-the-art methods are unable solve
this extended model due to its huge computational complexity and geographical
diversities. They consider only co-channel interference from other small cells. The
cross-tier interference is ignored by assuming the dedicated-channel assignment to
macrocell and small cell networks using split spectrum. In other words, different
sub-channels are assigned to the users belong to different tiers. It is also assumed
that small cells have closed-access so that edge users are allowed only to connect with
one BS. The authors transformed this problem into four sub problems and proposed
a partially distributed solution that comprises of four steps. The first step deals
with clustering of small cell users into disjoints groups to reduce complexity. The
second step is to elect a cluster head that performs sub-channel allocation within
a cluster to avoid co-channel interference. The third step is to resolve inter-cluster
interference through autonomous learning mechanism for edge users. The edge users
of neighboring cluster must have mutual association to adjust themselves to one BS.




The authors in [100] consider uplink and downlink transmissions in femto cells.
They divide femto users into two groups: delay-sensitive and delay-tolerant users.
Delay-sensitive users must receive their minimum data rate. The authors introduce
an interference temperature limit to protect the minimum data rate requirement
of delay-sensitive users in case of downlink transmissions. The resulting problem
becomes a mixed integer non-convex problem. They transformed this problem into
convex one by introducing a time-sharing relaxation scheme. The authors proposed
a solution that is based on Lagrange dual decomposition approach together with
sub gradient method for joint allocation of sub-carrier and power.
The authors in [101] aims to maximize the number of small cell users that can
be admitted subject to the protection of data rate for all macro users in an OFDMA
based two-tier network. The MBS is aware of small cells and allocates radio resources
to each such that it can maintain its required data rate in the presence of the highest
possible interference level from small cell users. In other words, the authors study
the upper limit of tolerable interference offered by small cell users to each macro
user. For a macro cell tier, the authors formulate this MINLP problem by two
different strategies. The first strategy is the allocation of radio resources by a MBS
to its users in a way that maximize tolerable interference. The other strategy aims to
minimize the total transmit power. Firstly, the MBS allocates the radio resources to
its macro users that satisfy their data rates in the presence of the maximum allowable
tolerance. Secondly, the MBS broadcast this information of macro users to small
cell BSs via a gateway. Hence, small cell BSs performs an admission control (AC)
mechanism based on given information and validate the allocation of sub-carrier to
small cell users within a budget. A distributed solution is proposed for this MINLP
problem using Lagrange dual decomposition method.
Another line of research is interference management via power control; e.g., [102–
107]. In [102], the problem is to determine the minimum transmit power over as-
signed sub-carriers in order to guarantee the QoS requirement of each user. This
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improves system capacity due to better spatial reuse of radio resources. Similarly,
the authors of [103] aim to minimize the transmit power of all femto data users hav-
ing different bandwidth requirements. The authors in [104] propose a power control
scheme that considers the case where FBSs do not allow any unauthorized users to
access their resources. They derive a minimum allowable distance between FBS and
MBS for co-channel deployment. Within the allowable distance, FBS can transmit
with a higher power in order to increase the capacity of femto users whilst guaran-
teeing the QoS requirement of macro users. Similarly in [105], the authors study
the problem of downlink cross-tier and inter-cell interference in a two-tier HetNet.
They aim to maximize the sum-rate of femto users and optimize the transmit power
of FBSs using a water-filling algorithm. In [106], the authors aim to maximize the
throughput of all users whilst minimizing the FBS power budget in order to miti-
gate cross-tier interference. Similarly, the authors in [107] introduce an interference
temperature limit to protect the minimum data rate requirement of delay-sensitive
users.
Table 2.4 summarizes works on two-tier OFDMA HetNets with respect to aim,
problem, transmission type and solutions. These works consider downlink transmis-
sion except for reference [106] which considers joint uplink and downlink transmis-
sions. References [98–101, 105–109] and [110] aim to maximize system throughput.
References [102, 103, 110] and [107] aim to minimize the total transmit power of the
system. Moreover, only reference [97] considers weighted sum method to address a
multi-objective optimization problem.
2.2 EH Works
2.2.1 Multi-user Networks with SWIPT
Recently, a number of researchers have also considered RF charging in addition to
interference avoidance. In particular, they consider nodes with SWIPT [10]. Briefly,
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a user can decode information and harvest energy using one of the following meth-
ods: time switching or power splitting [10]. Furthermore, two conventional multiple
access schemes are used for data transmissions, namely TDMA and OFDMA. For
TDMA, receivers use time switching for information decoding and energy harvest-
ing. A user can receive information in its assigned scheduled slot. It uses other
slots for energy harvesting. On the other hand, for OFDMA, receivers use power
splitting for information decoding and energy harvesting. In the works to follow, a
key problem is deciding the time switching or power splitting ratio that maximizes
the system throughput. In particular, the data rate is proportional to the amount
of harvested energy. Hence, a key issue is balancing charging and data transmission.
Many research works have considered time switching receivers to study the down-
link multi-user scheduling with SWIPT [10]. For example, the authors in [111] aim to
maximize the average system throughput in downlink transmissions. They optimize
time switching ratio under the constraint that only one user can transmit in each
time slot where the remaining users harvest energy from data transmissions. An
important consideration is proportional fairness among the users in terms of equal
throughput and minimum sum harvested energy requirement. The authors assume
that a perfect knowledge of CSI is available in each time slot. Furthermore, they
adopt linear energy harvesting model with a constant energy conversion efficiency.
They solve this problem using Lagrange dual decomposition method. Guo et al. in
[112] study multi-user scheduling problem under imperfect CSI knowledge. They
aim to maximize the average throughput under causality constraint with known
state transition probability. The transmission is divided into time slots and TDMA
scheme is adopted for information decoding and energy transfer. They solve this
dynamic programming problem using reinforcement learning algorithm called policy
iteration.
The authors in [113], consider the same time switching scheme in a multi-
user OFDMA framework with SWIPT. However, they have a different objective of
maximizing effective energy efficiency. They optimize the time switching ratio under
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the constraints of minimum harvested energy and average sum transmit power.
Furthermore, they introduce a delay quality of service constraint to control the
latency. They propose two solutions to this problem. One global solution with
high complexity is based on Dinkelbach’s algorithm whereas, the other sub-optimal
heuristic solution with low complexity. Morsi et al. in [114] study the trade-off
between users’ individual data rate and their harvested energy. They modify the
conventional round robin scheduling to ensure proportional fairness among the users’
data rate and harvested energy. They introduce an ordered-based SNR scheduling
scheme where the users are sorted in ascending order with respect to their received
normalized SNR. They are scheduled with their respective order in the set of allowed
orders rather than maximum SNR.
Bhoshkova et al. in [115] design a downlink resource allocation algorithm for
SWIPT systems with a realistic non-linear energy harvesting model. They introduce
a logistic function to model a practical energy harvesting model. They optimize time
switching ratio aiming to maximize total harvested energy. The formulation has also
considered quality of service constraint to ensure that each user must have achieved
minimum data rate. The other constraints are maximum allowable power budget
and serving of one user in each slot. The authors propose an iterative heuristic
solution with time sharing relaxation to address this non-convex problem.
There are some works that have considered power splitting receivers in multi-user
SWIPT systems. For example, the authors in [116] study power splitting mechanism
of SWIPT in a broadband wireless system. They optimize power splitting ratio aim-
ing to maximize system throughput. Assuming full duplex SWIPT enabled network
under perfect CSI, two practical scenarios of information transfer in both uplink and
downlink are studied. For downlink information transfer, the power splitting ratio
is optimized for managing power for information decoding and energy harvesting.
However, for uplink information transfer, separate antennas are deployed to support
full duplex SWIPT. The authors study both variable and fixed data rates under
minimum and threshold SNR constraints respectively. They solve this non-convex
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problem using Lagrange duality method. Khalfi et al. in [117] propose joint data and
power transfer aiming to minimize the total transmit power. They optimize a power
utility factor in order to ensure the availability of minimum power at the users. This
threshold power is required for a user to achieve a certain data rate in both uplink
and downlink. The authors study two setups: with only dedicated charging, and
with both ambient and dedicated harvesting. They propose an iterative heuristic to
sole this problem.
The authors in [118], the authors aim to maximize system throughput by op-
timising power splitting ratio. They consider limited battery constraint with the
provision of power input and output for the purposes of charging and information
decoding respectively. Moreover, each user must achieve minimum data rate and
harvested energy. They solve this problem using an iterative algorithm.
Many works have considered practical non-linear energy harvesting. For example
the authors of [119] consider a logarithmic function to model non-linear variations
of energy harvesting. They aim to jointly minimize the total transmit power and
maximize the sum-rate using scalarization technique. Moreover, imperfect channel
condition and proportional fairness are considered. They solve this multi-objective
problem using Lagrange dual decomposition method. Xu et al. [120] introduce a
quadratic function to model the realistic non-linear energy conversion efficiency.
They aim to minimize the total transmit power under QoS and energy harvesting
constraints. They solve this non-convex problem using Lagrange duality method.
The authors of [121] introduce a logistic function to model non-linear energy harvest-
ing. They aim to maximize the total harvested energy using power splitting ratio
under the constraints of minimum data rate requirement and total power budget.
There are some works in the literature that have considered both time switching
and power splitting schemes for SWIPT in multi-user OFDMA systems. In particu-
lar, OFDMA and TDMA are adopted for power splitting and time switching schemes
respectively. For example in [122], the authors aim to maximize the weighted sum-
rate for all users. They introduce an energy constraint that ensures users receive a
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minimum amount of energy. They jointly optimize the allocation of radio resources
with time switching ratio. The resulting convex problem is solved via the Lagrange
decomposition method. Similarly, they solve the power splitting case via an iter-
ative algorithm based on the Lagrange duality method [123] . The authors found
that for time switching, each user is still able to harvest a minimum amount of har-
vested energy whilst receiving the required data rates. In addition, if the required
amount of harvested energy increases, then a separated slot can also be allotted for
EH purpose only. Xu et al. in [124] study outage performance for all users using
both power splitting and time switching schemes. In particular, they optimize the
power splitting and time switching ratio to minimize the outage of users subject to
the constraints of minimum harvested energy and maximum power budget. They
propose a sub-optimal solution using the Lagrange duality method [123].
Table 2.5 summarizes the aforementioned works with respect to their aim, prob-
lem, solution approaches, transmission type, CSI, and EH model. Works such
as [111–114] and [115] optimize the time switching ratio used for charging and data
transmission whereas references [116–120] and [121] optimize the power splitting
ratio at devices. However, references [122] and [124] have considered both time
switching and power splitting schemes. All of these works consider downlink trans-
missions except for the work in [116] and [117] that considers both downlink and
uplink transmissions. With respect to CSI, only references [112] and [119] consider
time varying channels. The work in [115, 119, 120] and [121] considers non-linear
model for energy harvesting . All other works consider linear energy harvesting
models.
2.2.2 Multi-user WPCNs
There are a number of works that have considered an OFDMA-based WPCN [24].
In a WPCN, a Hybrid Access Point (HAP) charges RF-energy harvesting devices





























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































their data [67]. In these works, there is no requirement pertaining to legacy users.
These works aim to maximize the sum throughput of all users in uplink by jointly
optimizing the time allocation between energy and information transfer. Another
difference is that they have one transmitter, and hence, do not consider interference
management between multiple transmitters.
The authors in [125] aim to maximize the sum throughput in an OFDMA-based
WPCN. They use the harvest-then-transmit protocol [122]. where all users harvest
energy from downlink transmissions of HAP and send their information via uplink
transmissions. They also address the doubly-near-far [126] problem where the users
situated far from HAP can harvest less energy due to more signal attenuation.
Also, more power is required in uplink to send their information back to HAP.
The authors address this problem by introducing a constraint of equal rate to all
users. The authors optimize time allocation for both energy and data transfer to
maximize sum-rate of all users. The constraints includes the sum of non-negative
portions of time allocation for energy and data transfer must not exceed one time slot
duration and every user must receive a minimum sum-rate to ensure proportional
fairness. They solve this non-convex problem using Lagrange duality method. In
[127], the authors jointly optimize the sub-band and transmit power allocation over
time for both energy and data transfer to maximize achievable throughput. They
investigated the problem for two types of CSI available: either full or causal CSI
available. For full CSI, first they propose an optimal solution using water-filling
technique. Second, they propose two heuristics for joint sub-channels and transmit
power allocation over time for both energy and data transfer. For causal CSI, they
introduce a causality constraint and propose an online algorithm namely observe-
then-transmit for dynamic sub-channel allocation.
Chingoska et al. in [128] address double near-far [126] problem by consider-
ing proportional fairness among the users. They divide a time slot into multiple
epochs. Assuming perfect CSI available, BS decides which user is suitable to trans-
mit over a certain epoch. Thus, BS will ensure proportional fairness among the
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users based on the quality of their channel. An important consideration is that each
user must spend all of its harvested energy during information transfer. The aim is
to maximize sum-rate of all users subject to the following constraints. The sum of
transmit powers over all epochs must be within a certain limit of average and max-
imum transmit power budget. They solve this problem using Lagrange duality and
stochastic gradient methods. In a different work [129], the authors study resource
allocation problem of WPCN under additional QoS constraint. In particular, they
introduce buffer overflow probabilities to limit the constant arrival rate of energy.
They study this problem using two different schemes. The first scheme is based
on TDMA in which all users harvest in the downlink for a certain fraction of time
and only one user can transmit in its own allocated time slot. The second scheme
is based on non-orthogonal transmissions and assumed that Successive Interference
Cancellation (SIC) is performed at HAP for information decoding. The provision
of SIC allows each user to transmit simultaneously to the HAP over the portion of
time for information decoding. The authors aim to maximize sum-throughput and
energy efficiency for both TDMA and non-orthogonal transmissions. They solve the
problem of throughput maximization using Lagrange duality method and applied
Dinkelbach’s method to solve energy efficiency maximization problem.
There are some works related to opportunistic scheduling in WPCN which con-
sider multiple time slots instead of only one slot. In these works, it is assumed that
users can either spend all harvested energy in the same time slot or they can use
some of its portion in the next slot also. For example in [130], the authors con-
sider long-term throughput maximization problem instead of slot-oriented case. In
particular, a user has a provision of spending a portion of harvested energy in the
next slot also. The authors assume that there are two batteries and two beams are
used for energy transfer. They model a battery in terms of discrete energy quanta
and apply discrete Markov Chain (MC) to model the amount of energy quanta. To
this end, the aim is to maximize the minimum throughput of each user to ensure
proportional fairness. The optimization problem is simplified by using Bellman’s
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equation and Markov Decision Process theory is applied to get the optimal solution.
Velkov et al. in [131] consider a situation where a user spends a part or total
amount of harvested energy depending on CSI. They introduce an additional con-
straint of available amount of energy at the end of an allocated epoch to a user.
The aim is to maximize the sum-rate of all users under perfect CSI and fairness.
They solve the problem using Lagrange duality method. In a similar work [132],
the authors consider multi-slot optimization problem due to random arrival of en-
ergy. They introduce an energy causality constraint which ensures that a portion
of harvested energy is also available in the next slot. They jointly optimize the
energy flow and time allocation for data transfer. The aim is maximizing sum-rate
over multi-slots subject to sum energy constraint. They solve this problem using
Lagrange dual decomposition method.
Another line of research is to consider ambient energy harvesting in addition
to conventional dedicated energy transfer in WPCN. In particular, each user can
harvest from dedicated energy transfer from HAP in the downlink, data transfer
from HAP to other users and data transfer of users in uplink transmissions. For
example, the authors in [133] propose a joint downlink and uplink scheme in WPCN
where both dedicated and ambient charging are considered. They aim to maximize
the weighted sum-rate with the following constraints. The transmit power budget
constraint of a BS for both energy and data transfer, time allocation constraint for
energy and data transfer, and energy causality constraint. They solve this problem
using Lagrange duality method. Wu et al. in [134] also consider ambient harvesting
assuming the initial energy originates from previous transmissions. They also con-
sider proportional fairness factor, aiming to maximize the weighted sum-rate. They
optimize the activation time of energy transfer that depends on remaining thresh-
old energy of RF harvesting devices. They solve this problem using interior point
optimization method.
Some works that have considered resource allocation problem for multi-user
WPCN in both infinite/battery-less and finite battery capacity cases. In particular,
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causal energy systems are considered. For example in [135], the authors consider
both cases under energy causality constraint. They jointly optimize energy and
time allocation to maximize the uplink sum-rate. Energy storage constraint is in-
troduced to model a finite battery. In a different work, the authors of [136] consider
both battery-less and finite battery cases with a different objective of maximizing
the spatial throughput. Briefly, spatial throughput is defined as the total through-
put per unit network coverage area. For the battery-less case, it is assumed that
all harvested energy must be used in the current time slot. However in battery
deployed case, unused energy can be stored for future time slots. They formulate
this problem under the constraint of successful transmission probability and solve it
using stochastic geometry.
A full-duplex HAP which can transmit energy signals and receive information
simultaneously, has also been focused in literature. For example the work presented
in [137] considers a HAP that is responsible for integration of both energy and in-
formation in a network. The simultaneous transmissions of energy and information
cause self-interference. It is assumed that perfect SIC is performed at the HAP. The
authors aim to maximize the sum-rate of users and to minimize total transmission
time under the assumption of an ideal case of SIC. The authors try to improve the
system performance for an ideal SIC at the HAP such that information and en-
ergy transfer processes exploit concurrently on same frequency bands. They aim to
maximize the sum-rate in uplink subject to the following constraints. The sum of
transmit powers allocated over all sub-carriers for energy transfer in downlink must
be within maximum allowable limit. Also, the sum of the transmit power allocated
over all sub-carriers for uplink information transmissions cannot be more than the
harvested energy. In other words, users can only use their harvested energy for
uplink transmissions. They propose a joint sub-carrier scheduling and power allo-
cation algorithm for OFDMA based WPCN subject to maximum power and energy
harvesting constraints. The resulting problem becomes a non-convex problem due
to presence of sub-carrier scheduling. They reduce the complexity of the problem
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and solve it using Lagrange duality method instead of exhaustive search method.
The authors in [138], extend this work by considering imperfect SIC at the HAP. In
particular, they consider an attenuation factor to model the practical successive in-
terference. They solve this problem using projected gradient method based iterative
algorithm.
Ju et al. in [139] study resource allocation problem in a WPCN with a full
duplex HAP. They consider both perfect and imperfect CSI at the HAP and aim
to maximize the weighted sum-rate of uplink transmissions. They also compare the
results to a half-duplex HAP. In [140], the authors consider a full duplex HAP
whereas users operate in half duplex mode. The users are divided into two groups
for either uplink or downlink communication with a HAP. The decision of downlink
or uplink communication depends on the channel condition. The channel assign-
ment and time allocation for energy and data transfer are optimized to maximize
the weighted sum-rate. Lagrange duality method based an iterative algorithm is
proposed to solve the problem.
Unlike the aforementioned works, some authors have also considered a non-linear
energy harvesting model. For example, Nguyen et al. in [141] aim to maximize the
sum-rate of subject to a non-linear energy harvesting constraint. In particular,
they jointly optimize the joint time allocation for energy harvesting and transit
power using a practical non-linear energy harvesting model. The decompose this
problem into three sub-problems: time allocation for energy transfer in downlink,
data transfer in both downlink and uplink transmissions. They propose an iterative
algorithm based on bi-section search. In [142], the authors adopt piece-wise linear
transformation to approximate the non-linear energy harvesting constraint.
Table 2.6 summarizes the aforementioned with respect to aim, HAP type, CSI,
fairness, EH model and proposed solution. All of these works aim to maximize the
system throughput. Works such as [137–139] and [140] consider a full-duplex HAP.
All other works consider a half-duplex HAP. With respect to CSI, only reference [127]
considers causal CSI information whereas all other works consider perfect CSI. Works
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such as [141] and [142] consider a non-linear model for energy conversion efficiency.
All other works assume a constant value of energy conversion efficiency.
2.2.3 Energy Harvesting Multi-Cell Networks
All the aforementioned works in Section 2.2.1 and 2.2.2 focus on single cell multi-
user networks with RF energy harvesting devices. However, in practical systems,
users are widely distributed over a broad area. Therefore, multiple transmitters are
required to cover all uses and to meet their increasing data rate demands. Such
kind of multi-cell environment causes inter-cell interference. There are some works
that have considered inter-cell interference management in a multi-cell environment
with energy harvesting. For example the authors in [143] aim to maximize sum-
throughput in multi-cell WPCN. In particular, they optimize the intra-cell time
allocation and also consider user association to facilitate inter-cell load balancing to
achieve this objective. Important constraints include: (i) a user can be associated to
only one base station, (ii) sum of time allocations for wireless charging and informa-
tion transfer is not greater than one time slot. They propose a sub-optimal solution
for user association by relaxing its binary integer into a continuous variable. They
solve this transformed convex problem using the Lagrange duality method. In [144],
the authors aim to maximize the weighted sum-rate of all users in a WCPN. First
they study asynchronous protocol where wireless charging and information transfer
may not be synchronized which causes cross-link interference among the interfering
cells. They propose a joint time and transmit power allocation scheme under cross-
link interference. They solve the sub-problems of transmit power and time allocation
using weighted minimum mean square error and gradient projection methods, re-
spectively. Furthermore, they propose synchronous protocols where energy and data
transfer are synchronized without cross-link interference among the interfering cells.
They propose an iterative closed-form solution to solve this convex problem.















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































They jointly optimize time, transmit power and antenna selection to achieve this
objective. They study the impact of both perfect and estimated/imperfect CSI. To
solve this problem, they apply a non-linear programming scheme to transform it
into a convex problem. After that, they apply alternating direction method to solve
the problem.
Researchers have also considered proportional fairness among the users data
rates in a multi-cell environment. This consideration becomes more important in
a multi-cell environment due to interference and doubly near-far effect. He et al.
in [146] address these problems by considering proportional fairness among all users.
In particular, they aim to maximize the minimum throughput of all the users in a
multi-cell WPCN. They consider load coupling/ user association to achieve this aim.
They optimize time allocation for wireless charging and information transfer to max-
imize: (i) the minimum throughput among all users, and (ii) the sum-throughput
of all the users. They solve these problems using the interior point method. In a
similar work [147], the authors consider user association to facilitate successive in-
terference cancellation at hybrid access points. They aim to maximize the minimum
throughput and sum-throughput of all the users. They optimize the time allocation
using geometric programming to solve max-min fairness throughput optimization
problem. They transform the sum-throughput problem into a Signomial program-
ming problem and use the Hop-finger golden selection method to solve it. The
authors in [148] solve the same max-min fairness throughput maximization problem
for multiple time slots. They optimize the time allocation for energy and informa-
tion transfer under perfect CSI available at HAP. They solve this problem using the
Lagrange duality method.
Ge et al. [149] focus on a large-scale multi-cell WPCN where they aim to mini-
mize the total transmit power. They study two different cases: (i) minimum node-
throughput requirement, and (ii) minimum sum-throughput requirement. The first
is a convex optimization problem and solved by using Lagrange dual decomposition
method. The second problem of sum-throughput maximization is solved by applying
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the dual sub-gradient method.
There are some researcher that have considered SWIPT enabled OFDMA multi-
cell networks. For example the authors in [150], aim to maximize the sum-rate
and harvested energy in SWIPT based multi-cell environment. In particular, they
apply scalarization technique to balance between these two conflicting objectives.
They optimize power splitting ratio to find rate-energy trade-off. A closed-form
solution is proposed in terms of cumulative distribution factor of achievable rates
and harvested energy. A comparison of proposed scheduling is also compared with
that of two conventional scheduling schemes; i.e., random and maximum SNR. Kim
et al. in [151] modify the scalarization factor scheduling to consider proportional
fairness among the users data rates. In particular, they aim to maximize weighted
sum of achievable rates and harvested energy under Jain’s fairness index.
Table 2.7 summarizes the aforementioned works with respect to aim, type of
network, CSI, fairness, energy harvesting model and proposed solution. The table
shows that these works aim to maximize sum-throughput, weighted sum-rate and
harvested energy. All of these works consider WPCN except the work in [150]
and [151] which consider SWIPT enabled networks. These works consider perfect
CSI except [145] that also considers imperfect CSI. References [143] and [145] do
not consider proportional fairness whereas rest of all works have considered this
factor. With respect to energy harvesting model, all works consider a constant
energy conversion efficiency.
2.2.4 Multi-tier HetNet with EH
There are a number of works that have proposed resource management algorithms for
multi-tier OFDMA based HetNet. Their aim is to maximize throughput or sum-rate
of legacy data users. In some works, the primary aim is to maximize the throughput
of energy harvesting devices whilst protecting the data rate of legacy data users. For



























































































































































































































































































































































































































































































































































































































where small base stations are deployed specifically to charge and deliver data to
energy harvesting devices with SWIPT technique. They aim to balance between
data and energy harvesting rates of small cell users for two different approaches of
SWIPT: time switching and power splitting. Small base stations set their transmit
power differently for both time switching and power splitting schemes. A high
transmission power set by small base stations improves the energy-harvesting rate
of EH devices and thereby decreases the overall sum-rate of small cell users due
to increased interference level. On the other hand, a low transmission power set
by small base stations is promising for interference management but not for EH.
In both cases, the transmit power must not cause too much interference to macro
users. In time switching, the authors define a tolerable interference level that limits
the interference caused by small cell users to macro users. For each time slot, if the
channel condition is not promising for data transmission then all small cell users will
harvest energy simultaneously in that time slot. The authors formulate this multi-
objective radio resource allocation problem of throughput and EH rate maximization
by using a scalarization technique. Moreover, a time-switching factor is associated
with each objective that will select between the modes either for data or EH. They
solve this MINLP problem via the Lagrange dual decomposition approach. Similarly,
in the power-splitting scheme, the power-splitting ratio will decide the fraction of
input signal used for either data or EH in each time slot. For this case, the authors
employ a difference of two concave function (D.C) approach.
Lohani et al. [153] extend their work in [152] for time varying channel condition,
energy arrival and user activity. In particular, they optimize the trade-off between
throughput and harvested energy to maximize a net reward in a two-tier HetNet.
They define the net reward as the difference between achieved throughput and non-
renewable power consumption. The dynamic activation of small cell BSs is optimized
to study interference-aware and energy-aware resource allocation problem. They
propose an offline algorithm where causal information about channel, energy arrival
and user activity is available. They solve this problem using Lagrange duality and
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swarm optimization methods. Moreover, they propose an online algorithm with non-
causal information of channel condition, energy arrival and user activity. They solve
this problem using dynamic programming and greedy online optimization methods.
In [154], the authors study the rate-energy trade-off in full-duplex communication
mode under improper Gaussian signalling. In particular, they aim to maximize the
minimum weighted throughput of full-duplex users under transmit power and energy
harvesting constraints. They solve this problem using interior point method.
There are some works that optimize power splitting ratio of SWIPT based two-
tier HetNet. For example, the authors in [155], aim to maximize the average har-
vested energy of SWIPT users under the constraint of coverage probability. In
particular, they optimize the PS ratio such that the received SNR of a user must
be greater than its threshold value. They use Zoutendijks search method to obtain
optimal solution. Xu et al. in [156] aiming to maximize energy efficiency of femto
users by optimizing PS ratio in a SWIPT based two-tier HetNet. Important con-
straints include maximum power budget of femto BSs and QoS constraint of macro
and femto users. They transform this problem into convex form and then solve it
using Lagrange duality method. In [157], the authors characterize power split ra-
tio to study the impact of cell-load on SWIPT performances. In particular, they
analyze statistical properties of a SWIPT user include outage probability, energy
efficiency and average harvested energy required by a user for its self-sustainability.
They optimize PS ratio to maximize energy efficiency of a SWIPT user. They also
study the effect of cell loading on downlink and uplink achievable rates.
In a different work [158], the authors consider an OFDMA based three-tier Het-
Net that consists of a single MBS with multiple FBSs, access points and macro users.
They proposed a RRA algorithm for both Frequency Division Duplex (FDD) and
time division duplex (TDD) schemes. The former and latter are used for down-links
and up-links, respectively. They aim to maximize the sum-rate of uplink transmis-
sions from small cell users whilst protecting the minimum data rate requirement of
downlink transmissions to each macro user. A key challenge is to find the required
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transmit power over each sub-carrier to ensure macro users have a minimum down-
link data rate. They propose a joint uplink/downlink RRA using data offloading
technique where BSs are able to offload data to APs. In the FDD scheme, the sub-
carriers for both downlink and uplink transmissions are different to mitigate co-tier
interference. Macro users use the power-splitting mode of SWIPT in downlink trans-
missions, and they can only use harvested energy for their uplink transmissions. On
the other hand, for TDD scheme, a time splitting ratio is optimized to maximize
weighted sum of data and EH rates jointly. The authors proposed two non-convex,
MINLP optimization problems for both FDD and TDD schemes. They proposed
an iterative algorithm for joint uplink/downlink transmit power and sub-carrier al-
location with fixed power splitting ratio while the second one with optimized power
splitting ratio. They solved via a Lagrange dual composition method.
Another line of research is to study secure transmissions using secrecy beam-
forming in a two-tier HetNet. For example in [159], the authors aim to maximize
the secrecy rate under QoS requirement of macro and femto users. In particular,
they formulate this problem under the constraints of maximum power, minimum
harvested energy and SINR requirement. They study this problem under perfect
and imperfect CSI available. For a perfect CSI, they transform this non-convex
problem into semi-definite programs using Successive Convex Approximation (SCA)
technique and proposed an iterative solution. For imperfect CSI, they transform
quadratic matrix inequality constraints into linear inequality constraints and solve
using a heuristic approach. In a similar work [160], the authors also consider pro-
portional fairness among macro users. In particular, they aim to maximize sum
logarithmic secrecy rates under maximum transmit power and minimum harvested
energy constraints. In addition, a non-linear energy harvesting model is also consid-
ered. They solve this problem using semi-definite programs using successive convex
approximation techniques.
There are some works that have considered RF powered relays in SWIPT enabled
HetNet. For example in [161], the authors consider amplify-and-forward relays that
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harvest RF-energy from BSs to improve the communication of cell-edge users. In
particular, they aim to maximize the network capacity by jointly optimizing the
PS ratio and transmit powers of BS and relay. They solve this problem using SCA
approach followed by iterative algorithm based on geometric programming. Shi et
al. [162], the authors investigate the problem of PS ratio optimization of a SWIPT
based decode-and-forward relay. In particular, they aim to maximize the network
capacity with dynamic PS ratio under time varying channel and non-linear energy
harvesting constraints. They propose a closed-form heuristic to solve this problem.
Device-to-Device (D2D) communication is a paradigm shift towards future Het-
Net. There are some works in the literature that have investigated RRA in energy
harvesting D2D HetNet. For example, Yan et al. in [163] study the resource alloca-
tion and mode selection problem in energy harvesting D2D HetNet. In particular,
they aim to maximize the system overall throughput subject to minimum harvested
energy and QoS constraints. They solve this problem by using Lagrange duality
method followed by iterative algorithm. In a similar work [164], the authors also ad-
dress doubly near-far effect and propose proportional fair resource algorithm. They
aim to maximize D2D sum-rate under the constraints of maximum power budget
and QoS of users. They solve this problem using Lagrange duality method and also
propose two sub-optimal heuristics. Yang et al. in [165] consider a HetNet where
a user harvest energy and can use this energy for D2D communication as a relay.
They model energy arrival using Markov chain. The impact of energy harvesting pa-
rameters such as energy conversion efficiency, access point density and users density
on outage probability is investigated.
Another line of research is to study sleep-wake mode of BSs in a two-tier OFDMA
based HetNet. Specifically, a BS can be activated/deactivated in order to minimize
the network energy. For example in [166], the authors aim to minimize the grid
energy over multiple time slots. A user is associated to a BS based on the best SNR
received. Each BS is powered by a grid station and also equipped with energy har-
vesting capability. The goal is to optimize activation/deactivation time of a BS and
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transmit power control subject to following constraints. Each BS has a maximum
budget for its transmit power and storing energy. In addition, there is a certain
QoS requirement of each user that needs to be satisfied. They investigate this prob-
lem for both offline and online cases. An iterative heuristic is proposed to address
this problem. In a similar work, the authors of [167] investigate the grid energy
minimization problem under QoS and transmit power constraints. Specifically, they
drive an expression of outage probability to evaluate a user QoS using stochastic
geometry. They drive a close-form solution of this problem. Alqasir et al. in [168],
the authors aim to minimize grid energy by optimizing dynamic sleep-awake mode
and transmit power of small cell BSs. They solve this problem using the Lagrange
duality method.
Table 2.8 summarizes the aforementioned works on multi-tier HetNet with RF-
energy harvesting devices and compare according to their aim, system model, trans-
mission types, EH model and proposed solutions. Specifically, in terms of system
model, only [158] consider a three-tier HetNet whereas all other works consider a
two-tier HetNet. Only works such as [154, 157] and [158] have considered both up-
link and downlink transmissions whereas all other works have only considered only
downlink transmissions. All of these works consider perfect knowledge of CSI ex-
cept for the works [153, 159] and [167], which also consider imperfect knowledge of
CSI. With respect to energy harvesting model, only references [160] and [162] have














































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































In summary, this chapter has reviewed OFDMA-based prior works that consider:
1. One-tier multi-user networks. These works have proposed different resource
allocation algorithms for one-tier multi-user OFDMA-based networks. Sec-
tion 2.1.1 considers only legacy data users without wireless charging. They
aim to maximize network throughput or minimize the total transmit power
under different scenarios. Section 2.2.1 and 2.2.2 have discussed one-tier
multi-user networks equipped with RF energy harvesting devices in addition to
legacy data users. The objective of these works includes maximizing the sum-
throughput of legacy data users, maximizing harvested energy of RF energy
harvesting devices, minimizing total transmit power and maximizing energy
efficiency of the network.
2. One-tier Multi-cell networks. Section 2.1.2 has discussed one-tier multi-cell
networks with legacy data users only whereas Section 2.2.3 summarizes the
works that have also considered RF energy harvesting devices. The objective
of these works includes maximizing the overall system throughput, maximizing
the minimum throughput, minimizing total transmit power and maximizing
harvested energy.
3. Multi-tier HetNet. The objective of these works includes the trade-off between
sum-rate and harvested energy, maximizing the sum-rate and harvested energy
and minimizing the grid energy.
The aforementioned prior works leave the following gaps. First, there is no work
that have considered the problem of minimizing the total transmit power in a two-
tier HetNet. The most relevant work is [152], where their goal is to maximize the
throughput of SWIPT-enabled devices whilst minimizing interference to macro and
femto users. However, this thesis studies the trade-off between interference manage-
ment and energy delivery subject to meeting the data rate and energy requirements
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of legacy and RF-energy harvesting devices. Critically, unlike [152], Chapter 3 aims
to study scenarios whereby both the MBS and FBSs coordinate the assignment of
their transmit power and sub-carrier allocation to better support both legacy/data
and EH devices located in both macro and femto cells.
Very few prior works have considered resource allocation problem in OFDMA
based multi-cell environment. These works either consider SWIPT enabled devices
or WPCN. However, in these prior works, they do not jointly allocate sub-bands
and transmit power across multi-cells such that the legacy data users and RF-energy
harvesting devices satisfy their required data and energy rates requirement, respec-
tively. Reference [149] is the closest to the work presented in Chapter 4. They aim
to minimize the total transmit power of energy transmitters subject to through-
put demand in a WPCN. However, this thesis aims to minimize the total transmit
power in the presence of both legacy data users and RF energy harvesting devices in
a multi-cell environment. Lastly, very few existing works have considered sum-rate
maximization problem in multi-cell networks. However, this thesis study the joint
maximization of sum-rate and harvested energy of legacy data users and RF-energy
harvesting devices respectively. The work presented in Chapter 5 employ a rein-
forcement learning technique called cross-entropy method, to address the problem
of sub-band assignment.
In the next chapter, this thesis will focus on filling these gaps. Specifically,
Chapter 3 will aim to minimize the sum transmit power of the system subject to
QoS requirement of both legacy and RF energy harvesting devices.
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Chapter 3
Minimizing Sum Transmit Power in
HetNet
This chapter considers RF charging in an OFDMA based two-tier HetNet. Briefly,
an HetNet consists of a macro cell with multiple underlay femto cells [170]. A MBS
covers a few kilometers while a FBS serves an area with a radius of a few meters.
Femto cells are deployed within a macrocell. The advantages of such FBSs include
improvement in capacity and indoor coverage [171]. Another advantage is that these
BSs can charge RF Energy Harvesting (EH) devices that are likely to exist at all
tiers of a HetNet in the near future; e.g., they can be part of an IoTs system.
Figure 3.1 illustrates an example. There is a MBS and two femto cells. Macro users
are free to move within both coverage areas. An EH device is located in a femto cell.
Data transmissions are shown by solid line arrows whereas energy transmissions are
indicated by dotted line arrows. This example shows that a network operator has to
support both types of User Equipments (UEs) whereby base stations need to satisfy
respectively the energy and data rate requirement of EH nodes and data (or legacy)
users.
Managing interference is a key challenge in a two-tier OFDMA HetNet. There are
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Figure 3.1: An OFDMA-based two-tier HetNet. Solid arrows denote data links, and
dotted arrows denote both interference and energy.
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two types of interference: co-tier and cross-tier. Interference occurs among UEs that
belong to the same tier is called co-tier. Conversely, the interference between UEs
that belong to different tiers is called cross-tier interference. One possible solution is
to assign a distinct sub-carrier to each UE within a tier. Another possible solution
is to reduce the sum transmit power of interfering UEs. In Figure 3.1, solid and
dotted lines are used for data and energy transmissions respectively, which indicates
both these transmissions must have distinct sub-carriers to avoid interference. On
the other hand, interference benefits EH devices as it improves their RF energy
harvesting rate [172]. Note that IoT devices can be served in outdoor by the MBS
but this chapter considers them only in femto-cells to study the impact of cross-tier
interference on indoor IoT devices.
This chapter investigates the problem of downlink resource allocation to minimize
the sum transmit power in a two-tier OFDMA based HetNet with both data UEs and
EH nodes. Figure 3.1 shows legacy and EH devices being served by different BSs.
The problem is how BSs can support these devices that have a given data or energy
requirement. In particular, unlike prior works, the aim of the work in this chapter is
to allocate sub-carriers, and set an an appropriate transmit power over each assigned
sub-carrier to support (a) so called legacy devices, which are incapable of RF energy
harvesting but has a minimum data rate requirement, and (b) EH devices, which
require a minimum amount of energy to operate; e.g., transmit/receive or sample
the environment [173].
Indeed, the co-existence of these devices gives rise to the following novel research
questions:
1. How are sub-carriers assigned in a two-tier OFDMA HetNet with both data
and EH UEs? This question is significant because future HetNet will have
to support both data UEs and EH devices. The introduction of EH devices
results in two types of charging; namely, ambient and dedicated. In the case of
ambient RF charging, an EH device receives energy from data transmissions.
In this respect, a MBS/FBS may intentionally increase its transmit power to
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be higher than the amount necessary to meet a given Signal-to-Interference-
Plus-Noise Ratio (SINR) in order to deliver energy to EH devices. As for
dedicated RF charging, a sub-carrier may be allocated to an EH node for
charging purposes only. This, however, reduces the number of sub-carriers
that can be assigned for data transmissions; i.e., allocating sub-carriers for
charging reduces network capacity. In this respect, it is a point of interest to
determine that how sub-carriers are allocated among legacy and EH devices.
2. How is the transmit power of BSs controlled in a two-tier OFDMA network
with EH devices? In past works, transmit power control is critical for in-
terference avoidance. In particular, a MBS/FBS must not cause excessive
interference to data UEs when they are transmitting data or when charging
EH devices. However, a high transmit power or interference benefits EH de-
vices. Consequently, there is a trade-off between interference avoidance and
energy delivery.
3. How are increasing number of femto-cells with EH nodes supported? This
thesis investigates the case where within the coverage of a MBS there are
many femto-cells, each with a data and EH user. In particular, it is determined
whether EH devices are better served by the MBS, as opposed to their nearby
FBS. The hypothesis is that as the MBS has a wider coverage and a higher
transmission power, then it is an ideal energy source, especially if EH devices
have a low energy requirement.
The key contributions in this chapter are as follows:
• To answer the above questions, a novel MINLP is formulated with the objective
to minimize the sum transmit power of both macro and femto BSs. Its key
decision variables are sub-carrier and power allocation. Its main constraints
ensure legacy data UEs have a minimum data rate and EH devices receive a
minimum amount of energy.
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• This chapter proposes three solutions to approximate the formulated MINLP;
the resulting formulations can then be solved readily using a commercial Mixed
Integer Linear Program (MILP) solver. The name of the proposed solutions
are Single Data Carrier (SDC), Multiple Data Carrier (MDC)-1 and MDC-
2. Specifically, SDC assigns only one sub-carrier to a data UE. However, in
both MDC versions, data UEs can be assigned multiple sub-carriers; each
supporting one or more data rates. In all proposed solutions, one or more
dedicated sub-carriers can be assigned to a EH device for charging purpose
only.
• Using SDC, MDC-1 and MDC-2, this chapter studies the aforementioned re-
search questions and found that sub-carriers with better channel gains are
assigned to legacy and EH devices. Consequently, the required sum transmit
power decreases. In addition, if data transmissions alone are insufficient to
meet the energy requirement of EH devices then they will be allocated a ded-
icated sub-carrier by their FBS for charging purposes only. This chapter also
studies the increasing number of FBSs and their impact on the sum transmit
power and sub-carriers allocation in the presence of EH devices. An important
finding is that as the MBS has a high transmit power, its transmission benefits
all EH nodes within its coverage area. This suggests that the MBS plays an
important role in supporting EH devices.
Next, the system model and problem formulation is presented in Section 3.1.
Then three approximations to the formulated MINLP are presented in Section 3.2.
Section 3.3 discusses the results. The conclusions is presented in Section 3.4.
3.1 System Model
This chapter assumes a two-tier OFDMA network. A MBS serves a geographical
area with |K| FBSs, where K is the set of FBs. The macro cell is one kilometer
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in range while a FBS serves an area with a radius of 10 meter. The macro cell is
denoted by m and each femtocell is indexed by k ∈ {1, 2, . . . , |K|}. Let the set U
and W record the set of data users for a FBS and MBS, respectively. Let V record
the set of EH devices that are located in femto cells. Data users and EH devices
managed by FBS k are recorded in the set Uk and V k, respectively. Note, Uk ⊆ U
and V k ⊆ V . A link between node u and v is denoted as (u, v).
Femtocells are configured by the close access method where only authorized
users in U and devices in V can be connected to FBS k. The OFDMA system has
a bandwidth of B, which is divided into N sub-carriers. Each sub-carrier will be
indexed as n. The channel fading of each sub-carrier is assumed to be known. Each
sub-carrier has a different channel gain. It is assumed that co-channel interference




(m,v),n be the channel gain
over sub-carrier n from MBS m to a macro user w, femto user u and EH device v,




(k,v),n be the channel gain over sub-carrier n
from FBS k to respectively the following users: femto user u, macro user w and EH
device v.
The binary variable a(k,u),n denotes the allocation of sub-carrier n to link (k, u),
where k is a FBS and u is a femto user; specifically, a(k,u),n = 1 if sub-carrier n is
allocated to FBS user u in femtocell k and it is zero otherwise. Similarly, the binary
variable a(m,w),n indicates whether sub-carrier n has been allocated to link (m,w).
Here, m is the MBS, and w is a macro user. This chapter also considers sub-carriers
that are dedicated for charging. In this regard, the binary variable a(k,v),n is set to
one if sub-carrier n is used by FBS k to charge energy harvesting device v. Similarly
the binary variable a(m,v),n indicates that sub-carrier n is used by MBS m to charge
EH device v.
Let pM(m,w),n and p
M
(m,v),n denote the transmit power of MBS m over sub-carrier
n to the macro user w and EH device v, respectively. Let pF(k,u),n and p
F
(k,v),n be
the transmit power of FBS k over sub-carrier n to femto user u and EH device v,
respectively. The maximal transmit power over all sub-carriers is Pmax, whereas the
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maximal transmit power over each sub-carrier assigned to FBS or MBS is P Fmax and
PMmax, respectively.
























where σ2 is the Additive White Gaussian Noise (AWGN) power. Note that the de-
nominator represents the interference caused by the MBS, which include its trans-
mission to a macro user w and EH device v. Similar to [100], intra-tier interference is
not considered because of severe wall attenuation and sparse femto cells deployment.
Note that EH devices has a high energy sensitivity level; e.g., for the platforms in
[24], the received input power must be higher than -22 dBm before RF harvesting
begins. Consequently, transmissions from neighboring Femto Base Stations (FBSs)
are unlikely to contribute to the energy harvested by EH devices, especially when
FBSs reduce their transmission power to avoid interference.
From the SINR, the capacity (bit/s/Hz) at user u is computed as
CF(k,u),n = log2(1 + γ
F
(k,u),n) (3.2)




























The capacity (bit/s/Hz) of a macro user w is then given by





The EH device has a broadband antenna capable of harvesting across all fre-






































where ηv is the energy conversion efficiency. An EH node v has two sources of
energy. First, it is able to harvest energy from its FBS k whenever k transmits to
users in Uk and whenever MBS m transmits to a macro user w; the resulting energy
harvesting rate is represented by the first two summations of (3.5). Second, both
MBS and FBS may dedicate one or more sub-carriers for the purpose of charging
energy harvesting devices; the last two terms compute the energy harvesting rate
obtained from these sub-carriers. Table 3.1 summarizes some key notations.
3.1.1 MINLP
The target is to minimize the sum of transmit power over each sub-carrier under
co-tier interference, cross-tier interference and QoS constraints for legacy and EH
devices. The decision variables are (i) a(k,u),n, a(m,w),n, a(k,v),n and a(m,v),n – these
are binary link selection variables that determine whether a given link is assigned a






(m,v),n – these correspond to the
transmit power over each assigned sub-carrier from the FBS and MBS, respectively.
To aid exposition, a few key quantities are now defined. The following four
quantities represent the sum transmit power. First, the sum of transmit powers















K Set of Femto base stations (FBS).
m Macro base station (MBS).
U Set of all femto users.
Uk Set of femto users managed by FBS k.
V Set of all energy harvesting devices.
V k Set of energy harvesting devices managed by FBS k.
W Set of macro users.
B Bandwidth of OFDM system.
N Set of sub-carriers.
M A suitable large number used to disable a constraint.
a(k,u),n Binary variable for the n-th sub-carrier allocation to the femto user
u in a femto cell k.
a(m,w),n Binary variable for the n-th sub-carrier allocation to the macro user
w in a macro cell m.
a(k,v),n Binary variable for the n-th sub-carrier allocation to the EH device
v in a femto cell k.
a(m,v),n Binary variable for the n-th sub-carrier allocation to the EH device
v in a macro cell m.
pM(m,w),n Transmit power of the MBS to the macro user w over sub-carrier
n.
pM(m,v),n Transmit power of the MBS to the EH device v over sub-carrier n.
pF(k,u),n Transmit power of FBS k to the femto user u over sub-carrier n.
pF(k,v),n Transmit power of FBS k to the EH device v over sub-carrier n.
gM(m,w),n Channel gain from the MBS to macro user w over sub-carrier n.
gM(m,v),n Channel gain from the MBS to EH device v over sub-carrier n.
gMF(m,u),n Channel gain from the to femto user u over sub-carrier n.
gF(k,u),n Channel gain from femto-BS k to femto user u in FBS k over sub-
carrier n.
gF(k,v),n Channel gain from femto-BS k to EH device v in FBS k over sub-
carrier n.
gFM(k,w),n Channel gain from femto-BS k to macro user w over sub-carrier n.
PMmax Maximum transmit power of MBS.
P Fmax Maximum transmit power of each FBS.
γF(k,u),n Received SINR at the k-th femto for user u occupying the n-th
channel.
γM(m,w),n Received SINR at the w-th macro user occupying the n-th channel.
Rmin Minimum threshold data rate requirement to ensure QoS.
CF(k,u),n Channel capacity on sub-carrier n of femto user u in FBS k.
CM(m,w),n Channel capacity on sub-carrier n of macro user w in MBS m.
Ekv Energy harvesting rate of EH device v placed in k femtocell.
Emin Energy harvesting rate requirement of EH device v.
ηv Energy conversion efficiency of EH device v.
Pmin Average objective value of the formulated MINLP/MILP.
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Lastly, the sum of transmit powers pMF(m,v),n from MBS m to EH devices in V over all







For convenience, two sets are also defined that contain the decision variables: (i)
ζ1 = {a(k,u),n, a(k,v),n, a(m,w),n, a(m,v),n}, and (ii) ζ2 = {pF(k,u),n, pF(k,v),n, pM(m,w),n, pM(m,v),n}.
Now the mathematical model is ready to be defined. Formally,
minimize
ζ1,ζ2








































a(m,v),n ≤ 1,∀n ∈ N
C7 : pF(k,u),n ≥ 0,∀u ∈ Uk,∀k ∈ K,
(3.6)




Ekv ≥ Emin,∀v ∈ V k
where constraints C1 and C2 limit the total transmission power used by FBS and
MBS over all assigned sub-carriers to no more than P Fmax and P
M
max, respectively.
Constraints C3 and C4 ensure that each femto user u and macro user w receive a
minimum data rate of Rmin. Constraint C5 ensures that sub-carriers for data and
EH devices within a femto cell k must be different to avoid co-channel interference.
Similarly, constraint C6 ensures that sub-carriers for data and EH devices for MBS
must be different. Constraints C7 and C8 ensure that the transmit power over sub-
carrier n is non-negative. Constraint C9 ensures that the total harvesting energy rate
of device v exceeds its required threshold. Table 3.2 summarizes the key constraints
used by the proposed MINLP.
The main challenges to solving the MINLP are that constraint C3 and C4 are
non-linear and its combinatoric nature due to the binary decision variables in ζ1. In
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Table 3.2: A brief description of constraints
Constraint Description
C1 Maximum transmit power of a FBS.
C2 Maximum transmit power of the MBS.
C3 Data rate requirement of a femto user u.
C4 Data rate requirement of a macro user w.
C5 Co-tier interference avoidance between legacy and EH
devices.
C6 Cross-tier interference avoidance between MBS and
femto data UE’s
C7 Transmission power of FBSs must be non-negative.
C8 Transmission power of the MBS must be non-negative.
C9 Energy harvesting rate requirement of an EH device.
fact, MINLPs are NP-hard in general [175]. In the next section, three alternative
linear approximations are outlined to constraint C3 and C4. They thus allow to
approximate the MINLP as a Mixed Integer Linear Program (MILP). Although the
resulting MILP remains difficult to solve, still it will be solved for sufficiently large
problem instances in order to shed some light on the research posed questions.
This section is concluded by analyzing the number of constraints and decision
variables for the proposed MINLP; both of which have an impact on the computation
time.
Proposition 1. The MINLP has 3|Uk||K|+ 3|W |+ |N |(|K|+ 1) + |V k| constraints
and 2|K|Uk||N |+ 2|W ||N |+ 2|K||V k||N |+ 2|V k||N | decision variables.
Proof. In terms of constraints, namely C1 to C9, there are respectively the following
number of constraints: (i) |Uk||K|, (ii) |W |, (iii) |Uk||K|, (iv) |W |, (v) |N ||K|, (vi)
|N |, (vii) |Uk||K|, (viii) |W |, (ix) |V k|. In total, there are 3|Uk||K|+3|W |+|N |(|K|+
1) + |V k| constraints. As for the number of decision variables, there are |K||Uk||N |
of type a(k,u),n, |K||V k||N | of type a(k,v),n, |W ||N | of type a(m,w),n and |V k||N | of
type a(m,v),n. There are also decision variables related to transmission power. In
particular, there are |K||Uk||N | decision variables of type P F(k,u),n, |K||V k||N | of
type P F(k,v),n, |W ||N | of type PM(m,w),n and |V k||N | of type PMF(m,v),n. The desired result




In the first approximation, for a given data user, the requirement that the sum
rate of all its assigned sub-carriers must exceed Rmin, is removed. Instead, it only
requires one assigned sub-carrier to have the capacity Rmin. This forces a MILP
solver such as Gurobi or CPLEX to pick the best sub-carrier that can afford Rmin to
a data user that yield the minimal transmission power. In the second approximation,
there are multiple data rates per-sub-carrier. For each data user, the data rate is
determined that can be attained for each sub-carrier. Each user is then assigned
one or more sub-carriers as long as the sum total of the corresponding data rate on
these sub-carriers exceed Rmin.
In the last approximation, multiple sub-carriers can also be assigned to a user.
However, each sub-carrier only has one data rate and a sub-carrier is assigned to a
user only if its SINR exceeds the required threshold for the said data rate.
3.2.1 Single Data Carrier (SDC) Solution
Constraints C3 and C4 need to be replaced as follows. First, determine the trans-
mission power required to achieve Rmin over a given sub-carrier. From (3.2) for a
femto user u over a sub-carrier n is given as,
log2(1 + γ
F
(k,u),n) ≥ Rmin (3.7)
Re-arranging gives,
γF(k,u),n ≥ 2Rmin − 1 (3.8)
Using the definition of γF(k,u),n, the expression (3.9) is obtained and rearranging gives
the expression (3.10). Expression (3.10) gives the required transmit power required
to overcome both noise and interference in order to attain Rmin over sub-carrier n.
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− (1− a(k,u),n)M (3.11)
In SDC, it is required that each data or legacy UE is assigned one sub-carrier that
yields Rmin. This means for sub-carriers that are not assigned to user u by femto
BS k, the (3.10) is non-binding. To model this fact, the term −(1 − a(k,u),n)M is
included into (3.10), whereM is a suitable large number; e.g.,M = P Fmax|U |. Thus
the expression (3.11) is obtained. Notice that when sub-carrier n is not assigned to
user u, i.e., a(k,u),n = 0, then the corresponding constraint (3.10) is not binding or
disabled.




a(k,u),n = 1, ∀u ∈ Uk,∀k ∈ K. (3.12)
|N |∑
n=1
a(m,w),n = 1, ∀w ∈ W. (3.13)
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Similarly, for a macro user w over sub-carrier n, expression (3.14) gives the
transmit power required to overcome both noise and interference in order to attain
Rmin over sub-carrier n. The term −(1− a(m,w),n)M is also included into (3.14) to

























− (1− a(m,w),n)M (3.14)
Now a comment on the number of constraints and decision variables, instead of
|Uk||K| C3 constraints, there are |Uk||K||N | constraints plus |Uk||K| constraints of
type (3.12). For macro users, C4 is now replaced with |W ||N | constraints plus |W |
constraints of type (3.13).
3.2.2 Multiple Data Carrier (MDC)-1
In this approach, the key idea is that for a given sub-carrier, multiple intervals are
created corresponding to different SINR thresholds or data rates. In other words,
for a given sub-carrier, if the SINR of a user on sub-carrier n falls within an interval,
then the corresponding data rate is used for the said sub-carrier. Lastly, unlike SDC,
a user can be assigned multiple sub-carriers such that the sum data rate of these
sub-carriers exceeds Rmin.
Assume there are |J | given data rates for each sub-carrier are denoted as as
R1, R2, . . . , R|J | and their corresponding SINR threshold is Ψ1, Ψ2, . . . , Ψ|J |,
respectively. For each SINR threshold, where j ∈ {1, 2, . . . , |J |}, the inequality

























































To ensure only one SINR threshold or constraint (3.17) is active, the term−(Φj(k,u),n−
1)M is included, where M is a suitable large number. Let Φ1(k,u),n, Φ2(k,u),n,. . . ,
Φ
|J |
(k,u),n be binary decision variables corresponding to said data rates or thresholds




















≥ (Φj(k,u),n − 1)M (3.18)
Notice that if Φj(k,u),n = 1 in (3.18), then the data rate corresponding to SINR
threshold j is used for sub-carrier n.
For each sub-carrier n that is assigned to a link (k, u), at most one data rate can
be chosen. Formally, it is,
|J |∑
j=1
Φj(k,u),n ≤ 1 (3.19)
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It is now ready to rewrite constraint C3. Specifically, for a given data user u, the
total data rate of sub-carriers assigned to it must exceed Rmin. Formally, for each






j ≥ Rmin (3.20)
For a macro user w, there is a similar expression to (3.18), (3.19), and (3.20).

























≥ (Φj(m,w),n − 1)M (3.21)
|J |∑
j=1







n ≥ Rmin (3.23)
To conclude this section, the number of new constraints and decision variables are
analyzed. In terms of femto users, as each sub-carrier now has |J | data rates, there
are |Uk||K||N ||J | constraints of type (3.18). Also there are |Uk||K||N | constraints
of type (3.19). Lastly, there are |Uk||K| constraints (3.20). For macro users, the
corresponding number of constraints are respectively |W ||N ||J |, |W ||N | and |W |.
In terms of φj(k,u),n there are |K||Uk||J ||N | decision variables, and for φ
j
(m,w),n there
are |J ||W ||N | decision variables.
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3.2.3 Multiple Data Carrier (MDC)-2
A key problem with MDC-1 is that for each sub-carrier, there are |J | constraints
of type (3.18) and decision variables Φj(k,u),n. In MDC-2, a fixed or one data rate is
used for all sub-carriers. Let this data rate be R0; its SINR threshold is denoted as
Ψ0. Also, for a given femto BS k and user u, there is a binary variable Φ(k,u),n. Then,
constraint C3 is replaced with two new inequalities. First, for each user u ∈ Uk and
each sub-carrier n,
γF(k,u),n ≥ Ψ0 − (1− Φ(k,u),n)M (3.24)
In (3.24), Φ(k,u),n = 1 when the condition γ
F
(k,u),n ≥ Ψ0 is true. Otherwise, the
inequality is non-binding or inactive. Secondly, the total data rate of all sub-carriers




0 ≥ Rmin (3.25)
Similarly, for macro users, constraint C4 is replaced with,




0 ≥ Rmin (3.27)
Here, Φ(m,w),n is a binary decision variable that is set to one if γ
M
(m,w),n ≥ Ψ0 is true.
Also note that constraint (3.26) exists for each user w ∈ W and each sub-carrier
n ∈ N and inequality (3.27) exists for each macro user w ∈ W .
As a concluding remark, instead of |Uk||K| C3 constraints, there are now |Uk||K||N |
constraints of type (3.24) plus |Uk||K| constraints of type (3.25). Similarly, instead
of |W | C4 constraints, there are now |N ||W | constraints of type (3.26) plus |W |
constraints of type (3.27). Moreover, there are now additional |K||Uk||N | decision




In experiments, there is an MBS and initially, only one FBS; multiple FBSs are
considered in Section 3.3.5. The MBS is placed at the origin (0, 0) of a two dimen-
sional plane. An FBS is placed at coordinate (100,100); however, in Section 3.3.5,
one or more FBSs are placed uniformly at a radius of 100 meter around the MBS.
The MBS and FBS have a coverage area of 200 and 20 meters, respectively. Macro
and femto data UEs and EH devices are then placed uniformly within the coverage
radius of the MBS or FBS. Their position is changed after each experiment. The
maximum transmit power of the MBS and the FBS is 24W and 12W, respectively.
These values are chosen to distinguish the transmit power between MBS and FBS.
The bandwidth of each sub-carrier is 1 MHz. Unless stated otherwise, there are 20
sub-carriers. The receiver noise power is assumed to be −90 dBm/Hz. The received
power is calculated as per the Friis path loss formula using the Euclidean distance
between a FBS or MBS and a user. A path loss exponent of 2.7 and 2.2 is used,
which corresponds to the rate of signal power loss with distance within a subur-
ban area, and line-of-sight in indoor environments, respectively [71]. The energy
harvesting efficiency ηv is set to 50% [24]. For MDC-1, four data rates are set per
sub-carrier. These data rates are 1, 1.58, 2 and 2.32 bps/Hz with a SNR thresh-
old of 1, 2, 3 and 4, respectively. For MDC-2, all sub-carriers have the same data
rate of R0 = 1 bps/Hz. The commercial MILP solver is used from Gurobi1 for all
the simulations. All results are an average of ten simulation runs. In the sequel,
Pmin denotes the total transmit power; i.e., the objective value of the formulated
MILP/MINLP. Table 3.3 presents the simulation parameters.
3.3.1 Impact of Rmin
First the impact on energy harvesting rate is analyzed when Rmin is increased. The




Table 3.3: Simulation Parameters
Parameter Value(s)
K 1
Coverage radius of a FBS 20 meter
Coverage radius of a MBS 200 meter
Uk 1, 2, 3
V k 1




P Fmax 12 W
ηv 50%
For MDC-1, Ψj(k,u),n, Ψ
j
(m,w),n j ∈ {1, 2, 3, 4} 1, 2, 3 and 4 dB
Rj, j ∈ {1, 2, 3, 4} 1, 1.58, 2 and
2.32 bps/Hz
or six data UEs are placed in the femto cell.
Figure 3.2 shows the minimum sum transmit power required to satisfy a given
Rmin value using SDC. Consider the case when the EH device needs an harvesting
rate of Emin = 1 mW. As Rmin increases or when data UEs require better SINR, the
sum transmit power increases. For example, for two data users, the sum transmit
power increases from 0.094 to 6.92 W when Rmin increases from 0.5 to 4 bps/Hz.
Note that the sum transmit power increases in proportion to Rmin and the number of
data UEs. For example, for four data users, the sum transmit power increases from
0.1423 W to 18.786 W; this is approximately three times the value when there are
only two data users. Similarly, for six data users, the sum transmit power increases
from 0.2554 W to 21.245 W for the same value of Rmin. As expected, the increase
in sum transmit power is due to higher Rmin values or the number of data UEs.
Figure 3.3 shows the same trend when using MDC-1. The transmit power ob-
tained by MDC-1 decreases by approximately 60% as compared to SDC when Rmin
increases from 1.5 to 4 bps/Hz. This is because MDC-1 can assign more than one
sub-carrier per user, whereas SDC can only assign one sub-carrier per user. In
the case of MDC-1, multiple sub-carriers can be used to satisfy the required data
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Figure 3.2: Pmin versus Rmin with fixed Emin for SDC.
rate. As an example, consider Rmin = 2 bps/Hz and assume the channel gain
over each channel is 0.0007. When using SDC, the SNR value that yields Rmin is
Ψ = 2Rmin − 1 = 3 dB. The transmit power required for a femto user u over sub-
carrier n to achieve the required SNR of Ψ is given by pF(k,u),ng
F
(k,u),n/σ
2 = Ψ, where
gF(k,u),n is the channel gain and σ
2 is the thermal noise power. As SDC allocates
one sub-carrier to the user, the transmit power over the allocated sub-carrier in
order to achieve the required Rmin is calculated as 4.28 mW. On the other hand,
MDC-1 can assign more than one sub-carrier per user to achieve the required Rmin;
advantageously, it requires a lower transmit power. Consider two data rates per
sub-carrier where R1 = 1 and R2 = 1.58 bps/Hz with a respective SNR threshold
of 1 and 2 dB. Assume the channel gain over each channel is 0.0007. Therefore, the
transmit power required to achieve R1 and R2 is calculated as 1.42 mW and 2.85
mW, respectively. To achieve Rmin, at least two sub-carriers has to be assigned with
similar or different data rates. The minimum transmit power can be achieved by
assigning two similar sub-carriers with data rate R1 = 1 bps/Hz. As a result, the
sum transmit power allocated over two sub-carriers with data rate R1 = 1 bps/Hz
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to achieve Rmin is 2.84 mW. Therefore, the transmit power obtained by MDC-1
decreases by approximately 33% as compared to SDC. Another reason MDC-1 has
a lower transmit power is because the link capacity grows linearly for lower values
of SNRs and logarithmically for higher values of SNRs. This means at lower SNR
values, a small increase in transmit power results in a large increase in capacity.
MDC-1 takes advantage of this property whereby it assigns data carriers with a low
rate in order to achieve Rmin. As the SNR threshold for these data carriers is low,
a BS uses a lower transmit power in order to achieve the required Rmin. Figure 3.4
shows a similar trend when using MDC-2.













Figure 3.3: Pmin versus Rmin for MDC-1.
3.3.2 Impact of Emin
In this experiment the impact of Emin is analyzed on the sum transmit power when
using SDC, MDC-1 and MDC-2. The data rate requirement of each data UE is set
to 1 bps/Hz. Figure 3.5 shows the minimum sum transmit power required to satisfy
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Figure 3.4: Pmin versus Rmin for MDC-2.
a given Emin value using SDC, MDC-1 and MDC-2 for two data UEs. The transmit
power for SDC increases from 0.157 W to 2.8218 W when Emin increases from 1 to
8 mW. This is because the FBS assigns one or more dedicated sub-carriers to the
EH device, especially since the FBS is near the EH device. Moreover, the transmit
power over assigned sub-carriers increases as Emin increases. Similarly for MDC-1
and MDC-2, the transmit power increases from 0.2824 W to 1.425 W, and 0.432 W
to 2.953 W respectively, when Emin increases from 1 mW to 8 mW. Figure 3.6 shows
the minimum sum transmit power required for four and six data UEs in order to
satisfy a given Emin value using SDC, MDC-1 and MDC-2. For four data UEs, the
transmit power for SDC increases from 0.327 to 1.414 W when Emin increases from
1 mW to 4 mW. This is because the EH device does not require a dedicated sub-
carrier for charging. In other words, the EH device has sufficient energy harvesting
rate. However, when the EH device requires an energy harvesting rate of at least 4
mW, one or more sub-carriers are assigned to the EH device. This increases the total
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transmit power, especially with increasing Emin. Furthermore, for six data UEs, the
transmit power for SDC, increases from 0.856 to 2.464 W when Emin increases from
1 mW to 8 mW. This is because additional number of data transmissions means the
EH device is able to receive Emin mW worth of energy without requiring dedicated
sub-carriers that are assigned for charging. Figure 3.6 shows a similar trend for
MDC-1 and MDC-2 for four and six data users, respectively.













Figure 3.5: Pmin versus Emin with fixed Rmin for two data UEs.
3.3.3 Impact of Data UEs
Now the impact of number of data UEs on the total transmit power and EH devices
is analyzed. The data rate requirement of each data UE is fixed at 1 bps/Hz.
Referring to Figure 3.7, when Emin is set to 1 mW, the transmit power increases
from 0.157 w to 1.719 W when the number of data UEs increases from 2 to 10. This
is because for higher values of Emin, one or more dedicated sub-carriers are assigned
to meet the Emin requirement of EH devices. However, when the number of data
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Figure 3.6: Pmin versus Emin with fixed Rmin for four and six data UEs.
UEs increases, data transmissions alone are sufficient to yield an energy harvesting
rate of Emin. Similarly, when Emin is set to 5 mW, the transmit power increases
from 2.0341 W to 2.985 W when the number of data UEs increases from 2 to 10. The
slope of the curves decreases from 0.19 to 0.11 when Emin increases from 1 mW to
5 mW. This is because for a few data UEs, data transmissions alone are insufficient
to meet the high Emin of the EH device. Therefore, one or more sub-carriers are
assigned for dedicated charging. However, with increasing number of data users,
dedicated charging is no longer required as data transmissions become sufficient to
satisfy a high energy harvesting rate.
3.3.4 Impact of Data Carriers
In this experiment, one or multiple data carriers are considered and how they impact
the total transmit power. First, Emin is fixed at 1 mW. In Figure 3.8, it is observed
that the transmit power for SDC increases between 0.157 to 17.44W when Rmin
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Figure 3.7: Pmin versus the number of data UEs with a fixed Rmin value.
increases from 1 to 5 bps/Hz. However, when using SDC, the system model becomes
infeasible when Rmin exceeds 5 bps/Hz. This is because despite transmitting at the
maximum power, both MBS and FBS are unable to satisfy the Rmin requirement of
data UEs, and SDC can achieve Rmin of only 5 bps/Hz. On the other hand, MDC-1
achieve data rates higher than 5 bps/Hz by assigning multiple sub-carriers.
As an example, from Figure 3.8, MDC-1 is able to achieve a data rate of 10
bps/Hz. Another observation is that at Rmin = 10 bps/Hz, the transmit power
decreases approximately by 15% from 6.27 to 5.33 W when the number of data
carriers per sub-carrier increases from two to four. This is because the maximum
data rate per sub-carrier increases from 1.58 and 2.32 bps/Hz for two and four data
carriers, respectively. Therefore, for higher Rmin values, the number of assigned
sub-carriers decreases when the available data rates per sub-carrier is increased.
Referring to Figure 3.9, the assigned number of sub-carriers decreases from 9 to 6
when the number of data carriers increases from two to four. This is because the
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MDC-1 with 2 Data Rates
MDC-1 with 4 Data Rates
Figure 3.8: Pmin versus Rmin values .
selection of sub-carriers with a higher data rate decreases the sum transmit power.
In particular, the solver chooses those sub-carriers with better data rates, which
help reduce the sum transmit power.
Figure 3.10 shows the selected data rate for each sub-carrier. For each Rmin, the
first bar shows the assigned number of sub-carriers for MDC-1 with two data rates,
whereas the second bar shows the assigned number of sub-carriers for MDC-1 with
four data rates. For the values of Rmin between 3 to 10 bps/Hz, the solver chooses
those sub-carriers with better data rates. For example, when Rmin = 10 bps/Hz,
MDC-1 with two data rates assigns four and nine sub-carriers with a data rate of
R1 and R2, respectively. However, when MDC-1 has four data rates,it assigns one,
two, two and one sub-carrier with a data rate of R1, R2, R3 and R4, respectively.
Therefore, the selection of sub-carriers with a higher data rate reduces the number
of sub-carriers and the resulting sum transmit power.
96
3.3. Evaluation





























MDC-1 with 2 data rates
MDC-1 with 4 data rates
Figure 3.9: Number of sub-carriers versus Rmin.

































Figure 3.10: Number of sub-carriers versus Rmin.
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3.3.5 Increasing Femto Cells
Now the number of femto cells that underlay a macro cell is increased from one to
eight. Each FBS is placed at a radius of 100 m from MBS. Each femto cell consists
of a data UE and an EH device. Set Rmin = 2 bps/Hz and Emin = 1 mJ. Figure 3.11
illustrates the sum transmit power contributed by each BS versus |K| femto cells.
Recall that p(k,u),n and p(k,v),n correspond to the transmit power from FBS to
femto data UEs and EH devices, respectively, whereas p(m,w),n and p(m,v),n corre-
spond to the transmit power from the MBS to macro data UEs and EH devices,
respectively. For each number of femto cells, the three bars show the sum transmit
power for SDC, MDC-1 with two data rates and MDC-2, respectively. As expected,
the sum transmit power increases linearly as more femto cells are added. This is
reasonable as there are more FBSs, each with legacy UEs and an EH device. As
Emin is low, EH devices are able to harvest sufficient energy from data transmis-
sions alone. Critically, as Emin is low, the MBS, due to its wider coverage area, plays
an important role in charging these EH devices. The FBSs allocate the minimum
transmit power necessary to support its associated data UE. Furthermore, FBSs
allocate the minimum radio resources to EH devices. However, for each solution, a
high transmit power is allocated over the sub-carrier(s) assigned to a macro user or
one of the EH devices. This high power transmission from the MBS benefits all EH
devices in the macro cell.
Figure 3.12 illustrates the transmit power contributed by each BS versus |K|
femto cells for Emin = 5 mW. The sum transmit power increases from 1.6 to 13
mW, where the number of femto cells increases from one to eight. As Emin is
high, the FBS plays an important role in supporting EH devices due to its smaller
coverage area and path loss. For high values of Emin = 5mW, the MBS allocates the
minimum transmit power necessary to support its associated data UE. Furthermore,
MBS do not allocate radio resources to EH devices. However, for each solution, a
high transmit power is allocated over the sub-carrier(s) assigned to a femto user or
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Figure 3.11: Pmin versus the number of femto cells with Emin = 1mW.
the EH device.
3.4 Conclusion
This chapter has investigated a number of issues that arise when future HetNet
have both legacy and EH devices. In particular, it studies a joint sub-carrier and
power allocation problem in an OFDMA-based two tier HetNet. An important
finding is that the sum transmit power increases in proportion to the data rate
requirement of legacy devices and the number of EH users. Moreover, if the said
data rate requirement is high, the transmit power allocated for data transmissions
alone is sufficient for EH devices to meet their energy harvesting rate requirement.
Consequently, EH devices will not affect network capacity. However, if the total
energy harvesting rate from data transmissions is insufficient, then a dedicated sub-
carrier is assigned for the sole purpose of charging EH devices. In addition, the
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Figure 3.12: Pmin versus the number of femto cells with Emin = 5mW.
MBS plays a vital role in supporting EH devices due to its high transmit power
and coverage area. Consequently, data transmissions from the MBS benefit all EH
devices.
A key assumption of the resource allocation algorithms presented in Chapter 3 is
that the inter-cell interference is considered as negligible. However, this assumption
is not valid for ultra-dense networks. Therefore, the next chapter studies the same
set of research questions in ultra-dense networks, where inter-cell interference is
non-negligible. Another limitation in the proposed resource algorithms is that it
considers a linear model for energy conversion efficiency. Therefore, the next chapter




Minimizing Sum Transmit Power in
Multi-Cell Networks
Wireless data traffic is expected to grow exponentially over the next decade [176],
which leads to challenges pertaining to ubiquitous coverage, high capacity, as well
as the need for higher spectral and energy efficiencies. These challenges have driven
the development of Ultra-Dense Networks (UDNs), which are comprised of small
cells with coverage ranging from 10 to 30 meters [176]. Each cell has a Base Station
(BS) that provides high data rates to users [177]. Apart from that, UDNs are likely
to use OFDMA. Indeed, OFDMA has been adopted widely in systems such as LTE-
Advance (LTE-A) and IEEE 802.11ax. In addition, it is likely that Radio Frequency
(RF)-energy harvesting devices will be deployed inside cells as part of the Internet
of Things (IoTs) to sense and collect data [25]. These devices are likely to harvest
energy from nearby BSs [178, 179]; for example, reference [68] shows a prototype
with a camera that is powered by RF. Given these advances, future UDNs are likely
to consist of both legacy or data users that operate alongside RF-energy harvesting
devices. To this end, base stations must ensure data users, such as current smart
phones or tablets, have a minimum rate requirement whilst RF-energy harvesting
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Figure 4.1: Deployment of an OFDMA-based frequency reuse scheme with both
legacy and RF-energy harvesting devices in yellow. The different sub-bands are
indicated by different patterns or Fi, where i ∈ {1, 2, 3}: a) with reuse factor three,
and b) with unity reuse factor.
devices have a minimum energy requirement. A challenging trade-off, however, is
that interference has an adverse affect on data users whilst RF-energy harvesting
devices benefit from interference.
Figure 4.1 illustrates an OFDMA based example network with RF-energy har-
vesting devices located inside each cell. Solid lines show data transmissions and
dotted lines show energy harvesting from data transmissions. Advantageously, RF-
energy harvesting devices located at the edge of a cell can also harvest from neigh-
boring cells. Figure 4.1(b) shows that the RF-energy harvesting device located in
cell A can harvest energy from transmissions emitted by the base station in cell A
and B simultaneously.
A key feature of OFDMA is that a group of adjacent orthogonal sub-carriers can
be combined to form sub-bands. However, as the available bandwidth is limited,
cells are likely to reuse sub-bands. Hence, adjacent cells may interfere with one
another. Consequently, any sub-band allocation must aim to minimize interference
or to maximize the Signal-to-Interference-Plus-Noise Ratio (SINR) of users. This
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can be quantified via the frequency reuse factor of a multi-cell network [180]. For
example, if the frequency reuse factor is three, then three adjacent cells combine to
make a cluster. Each cell in a cluster uses one sub-band. Referring to Figure 4.1,
there are three sub-bands with one sub-band allocated to each cell. In Figure 4.1(a),
the frequency reuse factor is three whilst in Figure 4.1(b), the reuse factor is one,
which results in every cell using the same sub-band.
The previous example gives rise to the following research question: how can an
operator assign sub-band(s) to BSs and assign their transmission power to support
the requirement of legacy and RF-energy harvesting users? An important constraint
is that legacy users and EH devices have respectively a minimum data and energy
requirement. An important consideration is how multiple sub-bands can be reused
among neighboring cells. A high reuse factor will increase the number of cells using
the same sub-band in a cluster. Conversely, a low reuse factor decreases the spatial
separation between cells using the same sub-band. To this end, the trade-off be-
tween high and low frequency reuse factors needs to be investigated in this chapter.
Moreover, the transmit power of BSs plays an important role. A BS may increase
its transmit power in order to deliver the required energy to EH devices. However, a
high transmit power must not cause excessive interference to neighboring cells using
the same sub-band, which decreases the data rate of legacy users/devices. In this
respect, this chapter also seeks to answer the following research question: how does
the presence of EH devices affects spectrum efficiency?
Henceforth, this chapter makes the following contributions:
1. This chapter studies two optimization problems: fixed and unfixed allocation
of sub-bands to each cell. First consider fixed or static assignment of sub-bands
to each BS operating in a multi-cell OFDMA network. This chapter analyzes
how BSs transmit power affects both legacy users and RF-energy harvesting
devices. The aforementioned research questions are studied via a MINLP
that can be used to optimize sub-band allocation and transmit power of BSs
subject to the data rate requirement of legacy devices and energy requirement
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of RF-energy harvesting devices.
2. This chapter also proposes a heuristic solution to solve the MINLP. Briefly,
the MINLP is split into two problems: (i) the first problem is to assign a
sub-band to each BS. In this respect, this chapter presents two solutions. The
first solution uses the standard frequency reuse formula [126] to assign cells
sub-bands. The second solution assigns sub-bands in a greedy manner, (ii) the
second problem is to assign a transmit power to assigned sub-bands. To this
end, the said MINLP is revised to only solve for the transmit power over each
assigned sub-band subject to respectively the data rate and energy requirement
of legacy users and EH devices.
3. This chapter found that the sum-transmit power decreases in the case of un-
fixed allocation of sub-bands. The results show that for higher data rates,
the transmit power used for data transmissions supplies sufficient energy to
RF-energy harvesting devices. It is found that increases in transmit power
to support higher energy requirements of RF-energy harvesting devices also
benefit legacy data users because doing so result in high data rates. However,
high transmit power over the same sub-band causes interference. This suggests
that there is a trade-off between SINR and energy delivery to support both
legacy and RF-energy harvesting devices.
In the next Section 4.1, the system model is presented and the optimization
model used to answer the aforementioned research questions. Then two heuristics to
solve the formulated MINLP are presented in Section 4.3. After that, performance
evaluation is discussed in Section 4.4. Finally the conclusion of this chapter is




Table 4.1 summarizes the key notations. This chapter assumes a one-tier OFDMA
multi-cell network. The set of BSs is denoted as K. Each regular cell is served by a
BS. Each cell is indexed by k ∈ {1, 2, . . . , |K|}. The BS in each cell is identified as
k. Let U and V be the set of all data users and EH devices, respectively. The set
Uk records the data users in cell k, where Uk ⊆ U . Similarly, the set V k records the
set of EH devices located in the cell k, where V k ⊆ V . A link between node k and
u is denoted as (k, u). The available bandwidth B is partitioned into N sub-bands,
where Bk is the bandwidth of the k-th sub-band allocated to cell k. Each sub-band
is indexed as n. These sub-bands are orthogonal to one another. The channel fading
of each sub-band is assumed to be known. Each sub-band has a different channel
gain. It is assumed that co-channel interference between the users that reside in a
cell to be negligible as the BS assigns one or more orthogonal frequencies or sub-
carriers to each user. Let g(k,u),n be the channel gain or path loss over sub-band n
from BS k to a data or EH user u. The binary variable a(k,u),n denotes the allocation
of sub-band n to link (k, u), where k is a BS and u is a data user; specifically, there
is a condition when a(k,u),n = 1 if sub-band n is allocated to data user u in a cell k
and it is zero otherwise.
Let p(k,u),n denote the transmit power of BS k over sub-band n to data user u.
The maximal transmit power over each sub-band is Pmax. In a cell managed by BS







where u′ is the user managed by BS l that transmits over the same sub-band n and
hence interferes with user u of BS k, where σ2 is the Additive White Gaussian Noise
(AWGN) power. Note that the denominator represents the interference caused by
all BSs except k; also these BSs are operating on the same sub-band n. From the
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SINR, the capacity (bit/s) at user u is then computed as,
C(k,u),n = Bklog2(1 + γ(k,u),n). (4.2)
Each EH device v has a broadband antenna [174], and the amount of energy it









where η ∈ [0, 1] is the value returned by a function that represents the non-linear
energy conversion efficiency; this function will be defined exactly in Section 4.2.1.
Lastly, a(k,u),n is a binary variable that is set to one if the n-the sub-band is allocated
to the data user u in cell k.
4.2 A Mathematical Model
A Mixed Integer Non-Linear Program (MINLP) is now presented which will be used
to conduct this research problem. Its objective is to minimize the total transmit
power over all allocated sub-bands in K cells under inter-cell interference and QoS
constraints for legacy users and EH devices. Note that minimizing the total transmit
power of base stations has also been considered in other works; see for example [82,
181] and [182]. This objective is of interest because network operators are interested
in reducing the energy consumption of base stations. The decision variables are
binary link selection a(k,u),n and transmit power p(k,u),n, over each assigned sub-
band. Its constraints include:
• Total power constraint : The transmit power of each BS must be within Pmax.





a(k,u),np(k,u),n ≤ Pmax,∀k ∈ K (4.4)
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Table 4.1: Notations
Notation Description
k A base station.
U Set of all data users.
Uk Set of data users managed by BS k.
V Set of all energy harvesting devices.
V k Set of energy harvesting devices managed by BS k.
B Bandwidth of the OFDMA system.
Bk Bandwidth of sub-band allocated to k cell.
N Set of sub-bands.
M A suitable large number used to inactivate a constraint.
a(k,u),n Binary variable for the n-th sub-band allocation to data
user u in a cell k.
p(k,u),n Transmit power of BS k to data user u over sub-band n.
g(k,u),n Channel gain from BS k to data user u over sub-band
n.
Pmax Maximum transmit power of BS k.
γ(k,u),n Received SINR at the k-th BS for data user u occupying
the n-th sub-band.
Rmin Minimum threshold data rate requirement to ensure
QoS.
C(k,u),n Channel capacity on sub-band n of data user u in BS k.
Ev Energy harvested by EH device v located in the k-th
cell.
Emin Threshold requirement for an EH device v to transmit.
η(.) Energy conversion efficiency of each EH device.
Pmin Average objective value of the MINLP/MILP.
σ2 Additive White Gaussian Noise (AWGN) power
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a(k,u),nC(k,u),n ≥ Rmin,∀u ∈ U,∀k ∈ K (4.5)
In words, for each user u, its capacity as determined by one or more sub-bands
that are assigned to its BS must exceed Rmin.
• Energy guarantee: each RF-energy harvesting device has a minimum energy
harvesting rate. Formally it is given as,
Ev ≥ Emin, ∀v ∈ V k (4.6)
• Sub-band allocation constraint : A sub-band can be allocated to at most one





a(k,u),n ≤ 1,∀k ∈ K (4.7)

























a(k,u),n ≤ 1,∀k ∈ K
C4 : p(k,u),n ≥ 0,∀u ∈ Uk,∀k ∈ K
C5 : Ev ≥ Emin,∀v ∈ V k,∀k ∈ K
(4.8)
where constraint C1 limits the total transmission power used by BS k over all as-
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signed sub-bands to no more than PMmax. Constraint C2 ensures that each data user
u receive a minimum data rate of Rmin. Constraint C3 ensures only one sub-band
can be assigned to each BS. Constraint C4 ensures that the transmit power over
sub-band n is non-negative. Constraint C5 ensures that the total harvested energy
by device v exceeds its minimum energy threshold.
This section is concluded by analyzing the number of constraints and decision
variables for the MINLP; both of which have an impact on the computation time.
Proposition 1. The MINLP has |U ||K| + |Uk||K| + 3|K| + |V k| constraints, and
2|K|Uk||N | decision variables.
Proof. In terms of constraints, namely C1 to C5, there are respectively the following
number of constraints: (i) |K|, (ii) |U ||K|, (iii) |K|, (iv) |Uk||K|, (v) |V k||K|. In
total, thus are |U ||K| + |Uk||K| + 3|K| + |V k|. As for the number of decision
variables, there are |K||Uk||N | decision variables of type a(k,u),n and |K||Uk||N |
decision variables for the transmission power p(k,u),n.
4.2.1 Non-linear Energy Conversion Efficiency
As mentioned, constraint C5 is non-linear due to the function η; thus making the
formulated mathematical program a MINLP. To this end, the immediate problem
is to revise MINLP into a MILP. To this end, a piece-wise linear approximation
approach is used to linearize constraint C5. The resulting MILP can then be solved
using commercial solvers such as Gurobi.
The basic idea is to approximate a non-linear function with M intervals; reference
Figure 4.2. Each segment represents a range of received power at a RF-energy
harvesting device. For each interval, there is a corresponding energy harvesting
rate. Referring to Figure 4.2, there are M = 3 intervals. Each segment has an
associated energy conversion rate η ∈ {η1, η2, η3}. Hence, if the interval is known
in which the received power at a device belongs to, then the corresponding η value
can be retrieved. Note that the approximation becomes more accurate with higher
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M values at the expense of computation time.



























Figure 4.2: Piecewise linear transformation with three intervals.
The aforementioned approximation approach requires the following notations
for each BS k, user u and sub-band n. Define the index of each interval as m ∈
{1, 2, . . . ,M}. Let Lm(k,u),n and Hm(k,u),n be the lower and upper bound of interval
m, respectively. Interval m has energy conversion efficiency ηm. Let I
m
(k,u),n be a
binary variable that denotes whether interval m is active (Im(k,u),n = 1) or inactive
(Im(k,u),n = 0) for the received power p
′
(k,u),n; i.e., it is active if the received power falls
in interval m.
For each interval m, a real auxiliary variable sm(k,u),n ∈ [0, 1] is associated, which
will be used later to compute the received power as a convex combination of the
upper and lower bound of an interval.
The proposed piece-wise linear approximation approach introduces the following
constraints:
• Interval activation constraint : This constraint ensures only one of the M in-
tervals is active for a given received power p′(k,u),n, given as,
M∑
m=1
Im(k,u),n = 1,∀n ∈ N, u ∈ Uk,∀k ∈ K (4.9)
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• Real variable sm(k,u),n constraint : This variable is only allowed to be non-zero
if interval m is active. Thus, for each sub-band n ∈ N , user u ∈ Uk, and each
BS k ∈ K, given as,
0 ≤ sm(k,u),n ≤ Im(k,u),n,∀m = 1, 2, . . . ,M, (4.10)
Notice that if an interval is not active, the variable sm(k,u),n is forced to zero.














(k,u),n − L1(k,u),n)s1(k,u),n + L2(k,u),nI2(k,u),n





(k,u),n − LM)(k,u),nsM(k,u),n. (4.11)
This calculation is shown in constraint (4.11). As an example, assume that the
received power is 1.5 and it falls into interval m. Then Im(k,u),n = 1, meaning
sm(k,u),n is allowed to be non-zero. Assume L
m
(k,u),n = 1 and H
m
(k,u),n = 2. See that





will be enabled, whilst other terms will be zero because an inactive interval
m′ means Im
′
(k,u),n = 0 and s
m′
(k,u),n = 0. Note that an equality (4.11) exists for
each sub-band n ∈ N , user u ∈ Uk and base station k ∈ K.
• Energy conversion efficiency constraint : The previous constraint identifies the
interval used to compute the received power p′(k,u),n. With the interval infor-
mation in hand, constraint (4.12) then calculates the received energy. Observe
that all terms, except one, will be zero because Im
′
(k,u),n = 0 for all inactive
interval m′; see also (4.9). Lastly, an equality of type (4.12) exists for each
sub-band n ∈ N , user u ∈ Uk and base station k ∈ K.
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Ekv = p
′
(k,u),n× η1× I1(k,u),n + p′(k,u),n× η2× I2(k,u),n + . . .+ p′(k,u),n× ηM × IM(k,u),n.
(4.12)
To conclude this section, the number of new constraints and decision variables
are analyzed. There are |M ||K||U ||N | new segment activation constraints of type
(4.9). Also there are |M ||K||U ||N | constraints of type (4.10). Instead of |V k| C5
constraints, there are |M ||V k| constraints of type (4.12). In terms of Im(k,u),n there
are |M ||K||U ||N | decision variables, and for si(k,u),n there are |M ||K||U ||N | decision
variables. Also the decision variables for transmit power with the addition of M
segments become |M ||K||Uk||N |.
4.3 Sub-band Assignment Heuristics
To solve the MINLP for large-scale networks, it is split into two parts. In the
first part, a heuristic is used to assign a sub-band to each BS. This means in the
previous formulated MINLP, the sub-band of each BS is given; i.e., it is no longer a
decision variable and becomes a constant. Specifically, the only decision variable is
the transmit power allocation over each sub-band. Similar to the original MINLP,
legacy users must have the required Rmin and energy harvesting users must receive
Emin worth of energy.





















ā(k,u),nC(k,u),n ≥ Rmin,∀u ∈ U,∀k ∈ K
C3 : p(k,u),n ≥ 0,∀u ∈ Uk,∀k ∈ K
C4 : Ev ≥ Emin,∀v ∈ V k,∀k ∈ K
(4.13)
Compared to the MINLP (4.8), the binary decision variable a(k,u),n has been replaced
by the constant ā(k,u),n that is determined using one of the following heuristics.
The first heuristic called Sub-band Assignment using Fractional Frequency Reuse
(SA-FFR) uses the standard frequency reuse formula to assign a sub-band to each
BS [126]. In particular, given as,
N ′ = i2 + ij + j2, i, j = 0, 1, 2 . . . (4.14)
where N ′ is termed as the cluster size or frequency reuse factor, and i and j are
integers. For example, for a frequency reuse factor of N ′ = 3, these integers are
i = 1 and j = 1. The integers i and j are used to find the BS that can use the
same sub-band. To do so, starting from BS k located at the origin. Then traverse
pass i reference point(s) via any neighboring cell of BS k. After that, rotate 60◦
counter-clock wise and traverse j cells or reference points to find the cell that can
have the same sub-band. As an example of N ′ = 3 see Figure 4.3, starting from
the reference point (black dot) of cell 1, traverse i = 1 cell to a neighboring cells.
Let’s say at cell 2, rotating 60◦ counter-clock wise and traversing a further j = 1
cell, will end up at cell 8, meaning it can use the same sub-band as cell 1. Similarly,
cell 10, 14, 16 and 18 can also use the same sub-band as that of BS 1. All users in
Uk are then assigned the computed sub-band; i.e., ā(k,u),n = 1, where u ∈ Uk, if BS
k is using sub-band n.
The second heuristic is called Sub-band Assignment using Distinct Surrounding
Sub-bands (SA-DSS). It assigns sub-bands in a greedy manner. It starts and assigns
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a sub-band to BS k = 1. It then assigns all neighbor BSs of BS k with a sub-
band that is distinct from BS k. It continues this step all BSs have a sub-band.
Algorithm 1 shows the steps carried out by SA-DSSS. It accepts as input the number
of BSs |K| and number of available sub-bands |N |. It initializes the binary sub-band
selection variable ā(k,u),n to zero. In line 8, the function GetNeighbor() returns the
neighbors of BS k. After that at line 9, it calls GetSubBands() to return the set of
sub-bands used by the users managed by the neighbors of BS k. Then at line 10, it
checks whether sub-band n is used by any users in the adjacent cell of BS k. If no
users are assigned sub-band n, then user u of BS k is assigned sub-band n.
Algorithm 1 The pseudocode of SA-DSS
1: Input: |N | and |K|
2: Output: ā(k,u),n
3: Main Body
4: ā(k,u),n= 0, ∀k ∈ K, ∀u ∈ U,∀n ∈ N
5: for k ← 1 to |K| do
6: for u← 1 to |Uk| do
7: for n← 1 to |N | do
8: Nk =GetNeighbor(k)
9: {ā(i,z),n} =GetSubBands(Nk)







Consider the network topology shown in Figure 4.3, which consists of 19 regular
cells. The coverage area of each cell is 10 m. Each cell has a BS located at a
fixed coordinate on a two dimensional plane. Data UEs and EH devices are then
placed within the coverage area of each BS randomly; their position changes in each
experiment. Each cell has one data UE and one EH device. The maximum transmit
power of each BS is 1 W. The bandwidth of each sub-band is 1 MHz. There are 7,
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12 and 19 sub-bands. The receiver noise power is assumed to be −90 dBm/Hz. The
received power is calculated as per the Friis path loss formula. A path loss exponent
of 2.2 is used, which corresponds to a BS having line-of-sight to data or/and EH
users due to their close proximity [126].The nonlinear energy harvesting efficiency η
curve is divided into six intervals as given in Table 4.2 [19]. The commercial MILP
solver from Gurobi is used to solve the formulated MILP. All results are an average







































Figure 4.3: Cellular layout. The BS coordinates for each cell is as indicated.
There are three sets of experiments: (i) Exp-A (SA-FFR): the sub-band allo-
cation is fixed and assigned using SA-FFR and only the transmit power of BSs is a
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Table 4.2: Energy harvesting efficiency
Input Power Range Efficiency (%)
0 ∼ 0.1 mW 20
0.1 ∼ 0.3 mW 50
0.3 ∼ 1 mW 55
1 ∼ 5 mW 60
5 ∼ 10 mW 55
0.01 ∼ 0.3 W 50
decision variable, (ii) Exp-B (MINLP): both sub-bands and transmit power are
decision variables, and (iii) Exp-C (SA-DSS): the sub-band allocation is fixed and
assigned using SA-DSS. Table 4.3 presents the simulation parameters.
Table 4.3: Simulation Parameters
Parameter Value(s)
K 19







4.4.1 Impact of Rmin
First the impact of different Rmin values on the sum transmit power is analyzed
when there are 7, 12 and 19 sub-bands. Figure 4.4(a) illustrates the minimum sum
transmit power required to satisfy a given Rmin value with seven available sub-
bands for Exp-A. First consider the case where EH nodes do not have any energy
requirement; see the solid curve. See that when Rmin = 1 Mbps, the sum transmit
power is 0.476 W. This is because BSs only need to use the minimum transmit power
to satisfy data transmissions.
When EH nodes have a requirement of Emin = 1 mW, at Rmin = 1 Mbps, the
sum transmit power increases by 216 mW because BSs also need to deliver Emin
worth of energy to each of their associated EH device. The transmit power required
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to satisfy Rmin = 1 Mbps becomes insufficient to meet Emin. Therefore, each BS
has to increase its transmit power, which results in a higher sum transmit power
of 0.692 W. Note that the sum transmit power increases in proportion to Rmin for
a fixed value of Emin. Similarly, the sum transmit power increases in proportion
to Emin when Rmin increases from 1 to 3.5 Mbps. However, once Rmin exceeds 4
Mbps, the sum transmit power remains the same at 8.966 W when Emin increases
from 1 to 4 mW. Once Emin exceeds 5 mW, the transmit power required to satisfy
Rmin becomes insufficient to meet Emin values higher than 5 mW. Therefore, the
sum transmit power increases from 8.966 to 8.981 W to satisfy both Rmin and Emin.
Figure 4.4(b) illustrates a similar trend in the minimum sum transmit power
required to satisfy a given Rmin value when there are seven sub-bands available for
Exp-B. First consider the case where EH nodes do not have any energy requirement
as shown by the solid curve. The sum transmit power in Exp-B is less than that
of Exp-A. The sum transmit power increases approximately from 1% to 18% when
Rmin increases from 1 to 4 Mbps. This is because the sum interference experienced
by all BSs decreases, which helps decrease the sum transmit power. For higher
values of Emin, the sum transmit power increases from a fraction of a percent to
approximately 13% when Rmin increases from 1 to 4 Mbps. This is because the sum
interference experienced by all BSs increases, which is beneficial to EH users.
Figure 4.5(a) shows the sum transmit power using twelve sub-bands in Exp-A.
First consider the Emin = 0 mW case. The sum transmit power increases from
0.47 to 7.56 W when Rmin increases from 1 to 4 Mbps. Note that the sum transmit
power using twelve sub-bands decreases by 15% as compared to when there are seven
sub-bands. This is because the frequency reuse factor has improved when there are
12 sub-bands. In other words, the distance among cells using the same sub-band
increases. As a result, each cell experiences less interference. This means BSs are
able to use a low transmit power to satisfy the QoS requirement of both legacy
and EH devices. Referring to Figures 4.4(a) and 4.5(a), at Rmin = 4 Mbps, the
sum transmit power is 8.97 and 7.56 W using 7 and 12 sub-bands, respectively. At
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Figure 4.4: Pmin versus Rmin with fixed Emin and 7 sub-bands: a) Exp-A, fixed
sub-bands , b) Exp-B, unfixed sub-bands




























































Figure 4.5: Pmin versus Rmin with fixed Emin and 12 sub-bands: a) Exp-A, fixed
sub-bands , b) Exp-B, unfixed sub-bands
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Rmin = 4 Mbps, the low transmit power of 7.56 W is sufficient for EH devices to have
an energy harvesting rate of 4 mW. However, the transmit power increases to 8.98
and 7.68 mW using seven and 12 sub-bands respectively, when Emin exceeds 5 mW.
This is because the transmit power required to satisfy Rmin becomes insufficient to
meet this Emin requirement.
Figure 4.5(b) illustrates a similar trend in minimum sum transmit power required
to satisfy a given Rmin value when there are seven sub-bands available in Exp-B.
For Exp-B, the sum transmit power decreases as compared to the value obtained
from Exp-A. In particular, the sum transmit power increases approximately from a
fraction of a percent to 6% when Rmin increases from 1 to 4 Mbps. This increase in
sum transmit power is smaller as compared to the case with seven sub-bands. This
is because the frequency reuse factor has improved when there are 12 sub-bands.
Figure 4.6(a) and 4.6(b) show a similar trend in sum transmit power when there
are 19 sub-bands for Exp-A and Exp-B, respectively.




























































Figure 4.6: Pmin versus Rmin with fixed Emin and 19 sub-bands: a) Exp-A, fixed
sub-bands , b) Exp-B, unfixed sub-bands.
4.4.2 Impact of Emin
In this experiment the impact of Emin is analyzed on the sum transmit power for
a fixed value of Rmin for Exp-A and Exp-B. The sum transmit power is also
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analyzed when there are 7, 12 and 19 sub-bands available. Figure 4.7(a) illustrates
the minimum sum transmit power required to satisfy a given Emin value with seven
available sub-bands in Exp-A. The sum transmit power increases in proportion
to Emin for a given Rmin value. For example, the sum transmit power increases
from 0.48 W to 6.69 W when Emin increases from 0 to 10 mW whilst Rmin is fixed
at 1 Mbps. This is because, each BS increases its transmit power to satisfy the
requirement of increasing Emin. Also, the slope of the Emin curve decreases from
0.54 to 0.15 when Rmin increases from 2 to 4 Mbps. In other words, the transmit
power decreases when Rmin increases. This is because the transmit power required to
satisfy higher values of Rmin also delivers sufficient energy to RF-energy harvesting
devices.



















































Figure 4.7: Pmin versus Emin with fixed Rmin and 7 sub-bands: a) Exp-A, fixed
sub-bands , b) Exp-B, unfixed sub-bands.
Figure 4.7(b) illustrates the minimum sum transmit power required to satisfy a
given Emin value with seven available sub-bands in Exp-B. It is observed that for
lower values of Rmin, the sum transmit power received in Exp-B when is same as
that of Exp-A. This is because the improvement of frequency reuse factor does not
have significant impact on lower values of Rmin. In other words, same amount of
interference obtained from both experiments, benefits EH users equally. However,
when Rmin exceeds 3 Mbps, the sum transmit power received in Exp-B decreases
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from a fraction of a percent to approximately 10% when Emin increases from zero
to 10 mW.
Figure 4.8(a) and Figure 4.8(b) show a similar trend in sum transmit power
using 12 sub-bands for Exp-A and Exp-B, respectively. For Exp-A, the transmit
power required to achieve Rmin = 4 Mbps using 12 sub-bands is 9.403 W; this is
approximately 10% less than the transmit power when there are seven sub-bands.
Similarly, the sum transmit power required to achieve Rmin = 4 Mbps in Exp-B is
9.046 W; this is around 4% less than the transmit power used in Exp-A. This is due
to better frequency reuse factor for higher Rmin values. As a result, the interference
experienced by all BSs decreases. Therefore the sum transmit power decreases.
















































Figure 4.8: Pmin versus Emin with fixed Rmin and 12 sub-bands: a) Exp-A, fixed
sub-bands , b) Exp-B, unfixed sub-bands.
Figure 4.9 shows a similar trend in sum transmit power using 19 sub-bands in
both types experiments. Note that the sum transmit power received from both
types of experiments is same. This is because the frequency reuse factor becomes
equal for both set of experiments. In other words, each BS is assigned a distinct
sub-band that will not interfere. The transmit power required to achieve Rmin = 4
Mbps is 9.03 W, which is approximately 13% less than the transmit power when




















































Figure 4.9: Pmin versus Emin with fixed Rmin and 19 sub-bands: a) Exp-A, fixed
sub-bands , b) Exp-B, unfixed sub-bands.
4.4.3 Impact of Fixed Versus unfixed Sub-bands
In this experiment, the impact of fixed versus unfixed allocation of sub-bands on the
transmit power and interference experienced by each BS is analyzed. Figure 4.10
shows the transmit power and interference experienced by each BS for Rmin = 2
Mbps and seven sub-bands. First consider the case where EH nodes do not have
any energy requirement. In Figure 4.10(a) the transmit power of each BS in Exp-A
is fractionally higher than that of Exp-B. In particular, the sum transmit power
of all BSs are 1.43 W and 1.447 W in Exp-A and Exp-B, respectively. This
is because the interference experienced by each BS in Exp-A is approximately a
fraction of a percent higher than it is in Exp-B; see Figure 4.10(b). In particular,
the sum interference experienced by all BSs is 0.678 mW and 0.505 mW in Exp-A
and Exp-B, respectively. Now consider the case where EH nodes have an energy
requirement of 5 mW. In Figure 4.10(c), the sum transmit power is 3.30 W and
3.26W for Exp-A and Exp-B, respectively. This is because of increased interference
experienced by all BSs. In Figure 4.10(d), the sum of interference experienced by all
BSs is approximately 1.54 mW and 7.94 mW for Exp-A and Exp-B, respectively.
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The increased interference is useful for EH nodes to achieve higher values of Emin.
Advantageously, the sum transmit power received in Exp-A is approximately 15%
less than that of Exp-B.
(a)






























































































Figure 4.10: Comparison of transmit power and interference per BS for fixed versus
unfixed sub-bands: a) transmit power per BS for Rmin = 2 Mbps and Emin = 0
mW, b) interference experienced per BS for Rmin = 2 Mbps and Emin = 0 mW,
c) transmit power per BS for Rmin = 2 Mbps and Emin = 5 mW, d) interference
experienced per BS for Rmin = 2 Mbps and Emin = 5 mW.
Figure 4.11 illustrates the transmit power and interference experienced by each
BS for a fixed value of Rmin = 3 Mbps with seven available sub-bands. For the
case without Emin requirement, from Figure 4.11(a), the sum transmit power of all
BSs is 3.647 W and 3.44 W in Exp-A and Exp-B, respectively. This is because
there is approximately 25% less interference experienced by all BSs in Exp-B as
compared to Exp-A; see Figure 4.11(b). Now consider the case where Emin = 5
mW. For Rmin = 3 Mbps, each BS has already raised its transmit power which
benefits EH nodes. In Figure 4.11(d) the sum of interference experienced by all BS
is approximately 2.56 mW and 3.738 mW for Exp-A and Exp-B, respectively. The
sum interference received when Rmin = 3 Mbps is approximately 50% less than the
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case where Rmin = 2 Mbps. This is because for a higher value of Rmin, increase
in interference is harmful for data users. Therefore, the reallocation of sub-bands
to multiple BSs to take advantage of interference is avoided. As a result, the sum
transmit power received from Exp-A is approximately 10% less than received in
Exp-B. Figures 4.12 shows a similar trend in sum transmit power when there are
12 sub-bands for Exp-A and Exp-B respectively.
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Figure 4.11: Comparison of transmit power and interference per BS for fixed versus
unfixed sub-bands: a) transmit power per BS for Rmin = 3 Mbps and Emin = 0
mW, b) interference experienced per BS for Rmin = 3 Mbps and Emin = 0 mW,
c) transmit power per BS for Rmin = 3 Mbps and Emin = 5 mW, d) interference
experienced per BS for Rmin = 3 Mbps and Emin = 5 mW.
4.4.4 Heuristics Versus MINLP
Finally, there is a comparison the results of SA-DSS and SA-FFR with MINLP.
Figure 4.13 shows the minimum sum transmit power required to satisfy a given Rmin
with seven available sub-bands. The sum-transmit power decreases from fraction of



































































































Figure 4.12: Comparison of transmit power and interference per BS for fixed versus
unfixed sub-bands: a) transmit power per BS for Rmin = 2 Mbps and Emin = 0
mW, b) interference experienced per BS for Rmin = 2 Mbps and Emin = 0 mW,
c) transmit power per BS for Rmin = 2 Mbps and Emin = 5 mW, d) interference
experienced per BS for Rmin = 2 Mbps and Emin = 5 mW.
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Rmin increases from 1 to 4 Mbps. However, the minimum sum transmit power
computed by MINLP increases from a fraction to approximately 10% and 12% as
compared to SA-FFR and SA-DSS, respectively, when Rmin increases from 1 to 4
Mbps. This is because interfering BSs are assigned non-interfering sub-bands. As
a result, data users experience less interference, which helps reduce the transmit
power of BSs.
























Figure 4.13: Pmin versus Rmin with fixed Emin = 5mW and 7 sub-bands.
The impact of Emin on the sum transmit power is analyzed. Figure 4.14 il-
lustrates the minimum sum transmit power required to satisfy the given Emin with
seven available sub-bands. The minimum sum transmit power received from MINLP
decreases approximately from 17% to 3% as compared SA-FFR when Emin increases
from 1 to 10 mW. Similarly, the minimum sum transmit power received from MINLP
decreases approximately from 15% to 2% as compared SA-DSS when Emin increases
from 1 to 10 mW. This is because for higher Emin values, interference plays an im-
portant role that benefit EH devices of neighbouring cells. Advantageously the sum
transmit power decreases for MINLP.
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Exp A : SA-FFR
Exp B: MINLP
Exp C: SA-DSS
Figure 4.14: Pmin versus Emin with fixed Rmin = 3Mbps and 7 sub-bands.
4.5 Conclusion
This chapter has investigated the problem of joint sub-band and transmit power
allocation in OFDMA-based multi-cell networks. It is found that the sum transmit
power of BSs increases in proportion to higher data and energy rate requirement
of legacy users and RF-energy harvesting devices. Moreover, for higher data rates,
the transmit power allocated for data transmissions becomes sufficient to meet the
energy harvesting rate requirement of devices. Conversely, if devices have a high
energy harvesting rate, then the higher transmit power used by BSs is sufficient to
meet the data rate requirement of legacy users. In addition, frequency reuse factor
plays an important role for RF-energy harvesting devices whereby a high reuse factor
causes interference that is useful for energy harvesting but harmful to legacy users.
The sum transmit power decreases with a higher frequency reuse factor. In addition,
the sum transmit power decreases for dynamic sub-bands allocation as compared to
a fixed allocation of sub-bands.
Chapter 3 and 4 have studied the resource allocation problems for HetNet and
multi-cell system models aiming to minimize the total transmit power. However,
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a different aim of joint maximization of sum-throughput of legacy data users and
harvested energy of IoT devices needs to be investigated. Thus, in the next chapter,
this thesis study a different multi-objective optimization problem. Moreover, it
is impractical to approximate energy conversion efficiency using piece-wise linear
approximation. Therefore, the next chapter will also consider a practical non-linear




Harvested Energy in Multi-Cell Networks
This chapter aims to jointly maximize the sum throughput of existing/legacy data
users and the energy harvested by Internet of Things (IoT) devices. Specifically, RF
charging is considered in an OFDMA based multi-cell network. Figure 5.1 illustrates
an OFDMA network with eight adjacent cells in a cluster. Three sub-bands indicated
by different patterns are allocated among these cells. Each cell is equipped with a
data user and an Energy Harvesting (EH) device. In Figure 5.1, we see that solid
arrows show data transmissions to legacy data users whereas dotted arrows show
energy harvesting from these data transmissions. Note that there is no dedicated
charging considered in this chapter. This means that the energy harvested from
data transmissions must be sufficient to meet the QoS requirement of RF-energy
harvesting devices.
Given the above example, in this chapter, a novel problem of assigning sub-
band(s) and their corresponding transmit power to base stations. Its objective is
to maximize both the sum rate of data/legacy users and the energy harvesting rate
of IoT devices. In this regard, a novel MINLP is formulated to determine the sub-
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Figure 5.1: An example OFDMA-based network with both legacy and EH devices.
Solid arrows show data transmissions and dotted arrows show energy harvesting
using data transmissions.
band allocation to base stations and the transmit power over each assigned sub-band.
This chapter also outlines a novel two layer approach that employs Cross-Entropy
(CE) [183] at the first layer to assign sub-band(s) to each base station. At the second
layer, it solves a non-linear program to obtain the optimal transmit power over each
assigned sub-band.
Unlike the prior works, the main contributions of this chapter are as follows:
(i) joint maximization of achievable sum throughput and energy harvesting rate
of legacy data users and IoT devices respectively, (ii) formulation of a MINLP to
address the multi-objective problem at hand, (iii) a practical energy harvesting
model is considered, where the harvested power is modeled as a non-linear Sigmoid
function, (iv) a CE-based iterative algorithm is proposed to solve the MINLP for
large scale networks.
The rest of the chapter is organized as follows. The system model with problem
formulation is presented in Section 5.1. Next, the proposed solution using the CE
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method, is outlined in Section 5.2. The results are discussed in Section 5.3 and
lastly this chapter concludes in Section 5.4.
5.1 System Model
This chapter consider a one-tier OFDMA based multi-cell network with a set K
of Base Stations (BSs); each BS is indexed by k ∈ {1, 2, . . . , K}, where K = |K|
denotes the number of BSs. Let uk be a reference legacy data user managed by BS k.
This user represents the legacy user with the worst channel gain or located farthest
from its BS k. Hence, by optimizing the data rate of this user, then all other legacy
users managed by BS k will have at least the data rate of uk. Let V be the set of EH
devices, which we will index as v ∈ {1, 2, . . . , |V |}. The available bandwidth B is
partitioned into N sub-bands, where each sub-band contains multiple sub-carriers.
Define B = {1, 2, . . . , N} as an index of sub-bands. The bandwidth of the n-th
sub-band is Bn. Lastly, we note that methods to assign the sub-carriers from each
sub-band to users managed by each BS is beyond the scope of our work.
Denote g(k,z),n as the quasi-static channel gain of sub-band n from BS k to node
z, where z can be a legacy/data user or EH device. Let ak,n be a binary or indicator
variable. In particular, we have ak,n = 1 if sub-band n is allocated to BS k and it
is zero otherwise. Denote the transmit power of BS k over sub-band n as pk,n. The
maximum power of each BS over all its allocated sub-bands is Pmax. The received









where σ2 is the Additive White Gaussian Noise (AWGN) power. Interference may
occur when any BS m 6= k transmits over the same sub-band n. The theoretical
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capacity (bit/s) of user uk is
C(k,u),n = Bklog2(1 + γ(k,u),n) (5.2)
user u managed by BS k over a sub-band n given SINR γ(k,u),n is defined as,
Each EH device has a broadband antenna [174]. It harvests energy whenever
a nearby BS transmits to a legacy/data user. The amount of harvested energy
is a non-linear function of the received power [35], which we model as a logistic

























− δ(pk,ng(k,v),n − λ)
) .
Note that ψ(k,v),n is a Sigmoid function with the received power as input. In addi-
tion, ζ, M , δ, and λ are the parameters of the model that depend on the physical
properties of the EH circuit in [184].
5.1.1 A Mathematical Model
Our problem is formulated as an MINLP. Its objective is to jointly maximize both
the sum-rate of data/legacy users and the energy harvesting rate of EH users. The
problem is to assign one or more sub-bands to K cells and the transmission power
over each assigned sub-band subject to the maximum transmit power Pmax at each
BS. The decision variables are (i) the binary sub-band assignment variables ak,n that
determine whether sub-band n is assigned to BS k, and (ii) the transmit power pk,n
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over each assigned sub-band. To aid exposition, we define two quantities. First, the




















ak,npk,n ≤ Pmax,∀k ∈ K
C2 : pk,n ≥ 0,∀k ∈ K, n ∈ B
C3 : ak,n ∈ {0, 1},∀k ∈ K, n ∈ B
(5.7)
where constraint C1 limits the transmit power of each BS over its assigned sub-
bands. Constraint C2 ensures that the transmit power over its assigned sub-bands
must be non-negative. Lastly, C3 ensures ak,n is a binary value. The main chal-
lenges to solving our MINLP are that the objective function is non-linear, and its
combinatoric nature due to the binary sub-band assignment variables ak,n. In fact,
MINLP is NP-hard in general [185]. The next section outlines a strategy to solve
the formulated MINLP.
5.2 Sub-band Allocation using CE (SA-CE)
We propose an algorithm called Sub-band Allocation using CE (SA-CE). The key
idea is to use a CE-based approach to assign the integer part of the formulated
MINLP; i.e., CE is used to solve the difficult combinatoric part of the problem.
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Advantageously, SA-CE leverages the ability of the CE method to carry out adaptive
sampling to find the probability distribution of rare samples or those sub-band
assignments that yield a high reward. The resulting Non-Linear Program (NLP) is
then solved for the transmit power over each assigned sub-band; e.g., using standard
methods such as gradient ascent. We note that as the energy conversion model is
modeled using a logistic function, our NLP is non-convex.
Figure 5.2 depicts SA-CE, which has two parts. In the first part, the CE method
is used to generate a candidate sub-band(s) assignment. In the second part, it uses
an NLP to evaluate the reward of a sub-band(s) assignment; recall that this involves
solving the NLP formulated as (5.7) but with binary variables corresponding to sub-
band assignments set to one or zero by the said CE based heuristic. Note that the

















Figure 5.2: Block diagram of SA-CE.
We now present the details of how SA-CE assigns sub-bands to BSs. First, we
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provide a brief introduction to CE [186]. It consists of the following steps:
1. Define a collection of |S| samples as S = {w1k,n, . . . , w
|S|
k,n}, where the s-th
sample is wsk,n, where k ∈ K and n ∈ B. In each iteration t, generate |S|
samples or sub-band assignments where s = {1, 2, . . . , |S|}. Each sample is
generated according to a given Probability Mass Function (PMF), denoted as
Pt. Let ρtk,n denote the probability that sub-band n is assigned to BS k in
iteration t.
2. Determine the reward of each sample wsk,n. In this case, the reward of each
sample corresponds to the objective value of the formulation in (5.7).
3. Sort the |S| samples in non-decreasing order of their reward. Specifically, let
R′ be the (1−γ)-th percentile reward. Collect the samples with a reward that
is equal or greater than R′ and record them in the set M . These are so-called
elite samples.
4. Update the PMF used in Step 1) using the statistics of the elite samples in
M .
5. Lastly, check for convergence. If the PMF is yet to converge, then go to Step
1). Otherwise, exit.
We now make specific the aforementioned steps. A sample is defined as wsk,n =
{x1,1, . . . , x1,N , . . . , xK,N}, where each element is a binary variable denoted by xk,n,
where we have xk,n = 1 when sub-band n is assigned to BS k and xk,n = 0 otherwise.
Initially, at iteration t = 1, each sub-band has a probability of 0.5 to be assigned to
any BS. That is, ρtn,k = 0.5 for all sub-bands n and BS k; i.e., P1n,k = {0.5, 0.5, . . . }.
Using P1n,k, we generate |S| samples or sub-band assignments.
Referring to Algorithm-2, lines 2-3 initialize the values for Ptn,k, γ and α respec-
tively. Line 9 generates |S| samples. After that, in line 11, it determines the reward
of each sample using the function F(wsk,n), where wsk,n ∈ S̄. To obtain the reward,
we solve an NLP that is the same as (5.7) but with BSs assigned with one or more
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sub-bands as per wsk,n. Then, it records the reward of each sample in the set ∆,
where its elements are sorted in non-decreasing order in line 12. At line-13, SA-CE
then retrieves the reward/value at the (1 − γ)-th percentile. The purpose of lines
14-17 is to identify the sample at the required percentile, denoted as R′, which is
then used to obtain |M | elite samples; that is, these samples have a reward that
satisfies ∆[s] ≥ R′. It then collects |M | samples and records them in the set M
where M = {1, 2, . . . , |M |}.
In lines 20-25, the algorithm updates the PMF according to the elite samples
identified in lines 13-17. Specifically, let Pt+1n,k be the probability calculated by taking
the average of the frequency of each sub-band n assigned to the BS k in all elite







,∀k ∈ K,∀n ∈ B (5.8)
Then, PMF is updated using Pt+1n,k to obtain the samples with better performance in
the next iteration, as shown below,
Pt+1n,k = αP
t+1
n,k + (1− α)P
t
n,k,∀k ∈ K,∀n ∈ B, (5.9)
where α is weight or step size used to update the PMF. Lastly, at line 27, once the
probabilities converge onto zero or one, the algorithm ends.
5.3 Evaluation
In the experiments, the considered network topology with seven regular cells as
shown in Figure 5.3. Each cell is served by a BS located at a fixed coordinate on a
two dimensional plane. Each BS serves a coverage radius of 10 m [176]. Each cell
has one data user and one EH device within the coverage area of each BS. Note that
the position of each data user and EH device is fixed so that channel conditions are
assumed to remain the same for each simulation run. The maximum transmit power
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Algorithm 2 The pseudocode of SA-CE
1: Initialization
2: Set Ptk,n = {0.5},∀k ∈ K,∀n ∈ B
3: Set γ and α to input value
4: Main Body
5: . Sampling and evaluation
6: for t = 0, 1, . . . , do
7: M = ∆ = S̄ = ∅
8: for s← 1 to |S| do
9: S̄ ∪ PMF(N,K,Ptk,n)
10: end for
11: Set ∆ ∪ {F(wsk,n)}∀wsk,n∈S̄
12: sort(∆)
13: R′ = ∆[(1− γ)× |S|]
14: for s← 1 to |S| do
15: if ∆[s] ≥ R′ then
16: M ∪ S̄[s]
17: end if
18: end for
19: . Update PMF
20: for n← 1 to N do







23: Pt+1n,k = αP
t+1








of each BS is 1W [178]. The bandwidth of each sub-band is 1 MHz. There is a study
of various α and γ values for a cluster of three and seven cells. The received power
is calculated as per the Friis path loss formula. The value of a path loss exponent
is 2.7 [126]. The receiver noise power is −90 dBm/Hz. For the non-linear energy
harvesting efficiency expression (5.4), The maximum harvested power per EH device










Figure 5.3: Cellular layout. The BS coordinates for each cell is as indicated.
Table 5.1: Simulation Parameters
Parameter Value(s)
K 3,7














5.3.1 Convergence of The CE Method
In this section, the impact of three parameters is discussed that play an important
role on the convergence of the CE method. These parameters are (i) the number of
samples, (ii) the learning rate α, and (iii) the percentile γ.
5.3.1.1 Impact of Number of Samples
In this experiment, the impact of the total number of samples S used by CE in each
iteration is analyzed. First fix the value of α and γ to 0.9. From Figure 5.4(a),
the sum throughput Oc increases almost linearly from 61.25 to 76.39 bps/Hz when
the number of samples increases from 10 to 50. This is because CE estimates the
probability distribution of rare event from given number of samples. Therefore, if
the number of samples are limited, then it will lead to an inaccurate estimate of rare
events. Note that the maximum sum throughput is 76.39 bps/Hz when the number
of samples per iteration increases from 50 to 100. This is because a minimum of
fifty samples are required to estimate the optimal solution. Figure 5.4(b) shows a
similar trend for energy harvesting rate for different number of samples. The sum
energy harvesting rate Oe increases linearly from 58 to 71.9 mW when the number
of samples per iteration increases from 10 to 50. The maximum value of the sum
energy harvesting rate Oe is received when there are more than 50 samples per
iteration.
5.3.1.2 Impact of Learning Rate α
First the impact of the learning rate α on the convergence of the objective function
for a given value of γ, is analyzed. Record the number of iterations it takes for
the CE method to converge; in which case, the objective function has value 76.47.
From Figure 5.5, for a given value of γ, the number of iterations decreases with
increasing values of α. For example, the number of iterations decreases from 36


























































Figure 5.4: Multi-objective functions versus number of samples per iteration. (a)
Sum throughput, (b) Sum energy rate.


























Figure 5.5: Number of iterations versus the learning rate α for multiple values of γ
with seven cells and three sub-bands.
140
5.3. Evaluation
values, it will result in more exploration. Alternatively, it converges approximately
four times faster when α increases from 0.3 to 0.9. As a result, the number of
iterations decreases. Similarly, the number of iterations required for convergence
decreases when γ increases for a given value of α. Referring to Figure 5.5, the
number of iterations decreases from 48 to 36 when γ increases from 0.6 to 0.9 for
a given α = 0.3. This is because the percentile value increases when the value of γ
increases. As a result, the number of elite samples with the achieved reward value
decreases. Advantageously, the probability of a channel is updated approximately
25% faster due to less exploration.
5.3.1.3 Impact of Percentile γ
In this experiment, the impact of percentile γ on the convergence time of CE, is
analyzed. Figure 5.6 illustrates the number of iterations versus γ for a cluster of
seven cells with three available sub-bands. The received objective function is 76.466.
For α = 0.3, the number of iterations decreases from 48 to 36 when γ increases
from 0.6 to 0.9. This is because the reward value increases due to increasing value
of γ thereby decreasing the number of elite samples, which reduce the number of
iterations required for convergence. Note that for each value of α, equal number
of iterations are required once γ exceeds the value of 0.9. This is because further
reducing the number of elite samples due to increasing γ do not have sufficient
statistics to reduce the number of iterations.
5.3.2 Impact of Sub-bands
The impact of available sub-bands N on the multi-objective function of the re-
ceived sum throughput Oc and sum energy harvesting rate Oe in (5.7), is analyzed.
Figure 5.7(a) illustrates the sum throughput Oc versus the number of sub-bands
available for three and seven cells. For three cells, the sum throughput Oc increases
linearly from 16.47 to 135.70 bps/Hz when the number of sub-bands increases from
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Figure 5.6: Number of iterations versus percentile γ for multiple values of α with
seven cells and three sub-bands.
one to eight. Similarly, it increases from 25.46 to 203.61 bps/Hz when there are seven
cells. This is because the sum throughput improves due to increasing bandwidth.
Note that the received sum throughput Oc at each sub-band number increases ap-
proximately 50% for seven cells as compared to the received throughput using three
cells. This is because frequency reuse factor improves when the number of cells
increases from three to seven which increase the objective value. In addition, the
maximum power budget of each BS also limits the objective value when there are
less number of cells in a cluster. Figure 5.7(b) shows a similar trend for sum energy
harvesting rate Oe versus the number of sub-bands available. The received sum
energy harvesting rate Oe increases from 16.4 to 131.1 mW and 24 to 191.3 mW
when the number of sub-bands increases from one to eight for three and seven cells
respectively. This is because the number of data transmissions increase to maximize
the sum throughput Oc when the sub-bands increase which also benefits EH devices.
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Number of cells = 3
Number of cells = 7
Figure 5.7: Multi-objective functions versus number of available sub-bands. a) Sum
throughput, (b) Sum energy rate.
5.3.3 A Small Topology
In this experiment, consider a small topology that allows us to generate all possible
combinations of sub-bands assignments. Then, compare the results obtained from
all combinations with the solution given by CE method. Three cells k1 and k2 with
two available sub-bands n1 and n2 are considered. Table 5.2 shows all possible
combinations of sub-bands assignments denoted as Si, where i ∈ {1, 2, . . . } . As per
constraint C2 in (5.7), at least one sub-band must be assigned to each BS as shown
by samples S1 to S4. The received the sum throughput Oc and the sum energy
harvesting rate Oe are 33.4 bps/Hz and 14.3 mW respectively when a distinct sub-
band is assigned to each BS, see samples S1 to S2. However, the received sum
throughput Oc is approximately 45% less when assigning the same sub-band n1 or
n2 to each BS, see samples S3 to S4. This is because assigning the same sub-band to
each BS causes interference that reduces the sum throughput Oc. Note that the same
amount of harvested energy is received when assigning the same or different sub-
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bands to each BS. This is because each EH device harvests from data transmission
over any assigned sub-band and EH device benefits from interference. Lastly, each
BS is assigned the sub-bands n1 and n2 using the sample s5. The received sum
throughput Oc and the sum energy harvesting rate Oe are 34.95 bps/Hz and 28.7
mW respectively. Note that the maximum sum throughput Oc and the sum energy
harvesting rate Oe is received from the sample s5 which is similar to results obtained
from CE method.
Samples
BS k1 BS k2 Objective Value




S1 1 0 0 1 33.4 14.3
S2 0 1 1 0 33.95 14.3
S3 1 0 1 0 27.83 14.3
S4 0 1 0 1 18.48 14.3
S5 1 1 1 1 34.96 28.7
SCE 1 1 1 1 34.96 28.7
Table 5.2: Sub-bands assignments for a small topology
5.3.4 Heuristics Versus CE
In this experiment a heuristic is used to compare the results with CE. The optimal
sum throughput Oc and the sum energy harvesting rate Oe obtained from CE-
based NLP using seven cells with seven available sub-bands are 178.2 bps/Hz and
178.36 mW, respectively. These values are obtained by allocating all sub-bands to
each BS using transmit power control. In this experiment, the simulation is run
by taking only those samples with given number of sub-bands per BS Ns for all
possible combinations. For example, if the number of sub-bands per BS Ns = 1
then only those samples will be selected that have only one sub-band allocated per
BS. Figure 5.8(a) illustrates the sum throughput Oc versus number of sub-bands
per BS Ns. The sum throughput Oc increases from 76.6 to 178.96 bps/Hz when
number of sub-bands per BS Ns increases from one to seven. This is because the
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allocated transmit power over all the assigned sub-bands is controlled that must not
cause excessive interference to the data users. As a result the sum throughput Oc
increases. The results show that once number of sub-bands per BS Ns reaches its
maximum value of seven, which means all sub-bands are assigned to each BS, then
the sum throughput Oc becomes equal to the solution obtained from CE-based NLP.
Figure 5.8(b) shows similar trend for sum energy harvesting rate Oe versus Ns. The
sum energy harvesting rate Oe increases linearly from 24 to 168 mW when number
of sub-bands per BS Ns increases from one to seven. This is because EH devices
harvest from data transmissions and the sum energy harvesting rate Oe increases
due to transmit power allocation over increasing number of sub-bands per BS Ns.
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Figure 5.8: Multi-objective functions versus the number of sub-bands per BS. (a)
Sum throughput, (b) Sum energy rate.
5.4 Conclusion
This chapter has studied the problem of joint sub-band and transmit power allo-
cation in OFDMA-based multi-cell networks. A MINLP is formulated with multi-
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objective to jointly maximize sum throughput of legacy data users and harvesting
rate of EH devices. A cross-entropy based heuristic is proposed to solve the problem
in large scale networks. The results show that the convergence rate to achieve opti-
mal solution improves in proportion to the values of learning rate α and percentile
γ. The number of iterations decreases with α values because of less exploration.
Alternatively, more iterations are required to reach convergence for small step sizes.
Similarly, the solution converges faster for higher values of percentile γ because fewer
number of elite samples are collected in each iteration. The number of samples for
sub-band assignments in each iteration plays an important role to find the near opti-
mal solution. The objective function value improves with the increase in the number
of samples and becomes constant after a certain number of samples. Moreover, the





This thesis has investigated numerous radio resource management algorithms for
OFDMA based networks. Most existing works on resource allocation only con-
sider legacy data users. In particular, past works focus on interference management
with an aim to maximize system throughput or to allocate rates fairly to all data
users. However, future networks will consider low-power RF-energy harvesting de-
vices along with legacy data users. Thus, this thesis contributes to the state-of-the-
art by considering the impact of these low-power RF-energy harvesting devices on
system resources. Critically, it addresses new problems that arise due to the addi-
tion of this new type of devices and proposes different resource allocation solutions.
In particular, the key aim is to support RF-energy harvesting IoT devices in the
presence of legacy data users. Moreover, it investigates whether wireless charging is
a viable approach to deploy future wireless powered communication networks.
Henceforth, this thesis proposes and addresses three novel problems. The first
problem is the joint allocation of the sub-carrier(s) and transmit power over the
assigned sub-carriers in a two-tier OFDMA HetNet. In particular, as per Chapter 3,
the first problem’s objective is to minimize the sum transmit power and to support
RF-energy harvesting devices that co-exist with legacy data users. A key considera-
tion is to ensure the QoS requirement of legacy data users and RF-energy harvesting
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in terms of their minimum data rate and harvesting energy rate respectively. In ad-
dition, Chapter 3 outlines three solutions to approximate the MINLP. This chapter
also explores the impact of the following parameters: minimum data rate and en-
ergy rate requirement of legacy and RF-energy devices respectively, number of data
users, number of data carriers and number of increasing femto cells. The results
show that if the data rate requirement of legacy data users is high, the transmit
power required for data transmissions becomes sufficient to meet the energy rate
requirement of RF-energy harvesting devices.
Chapter 4 outlines the problem of joint sub-band and transmit power allocations
in multi-cell environments. In particular, the research aim is to minimize the sum-
transmit power under cross-tier interference and QoS requirement of legacy data
users and RF-energy harvesting devices. The problem in Chapter 4 is modeled as
a MINLP. It is then divided into two optimization problems: fixed and non-fixed
assignment of sub-bands. It also presents two heuristics, namely SA-DSS and SA-
FFR, to solve the MINLP for large scale networks. In this regard, the impact of
transmit power over the assigned sub-bands is studied. Moreover, this chapter also
proposes a piece-wise linear approximation of non-linear energy conversion efficiency
of RF-energy harvesting devices. Numerical results obtained from two heuristics are
compared with MINLP and found that these are approximately 95% that of the
optimal solution.
Lastly, Chapter 5 studies the same problem of joint allocation of sub-band and
transmit power in a multi-cell environment with multiple objectives. In particular,
the objective is to jointly maximize the sum-throughput and harvesting energy of
legacy data users and RF-energy harvesting devices respectively. The problem is
modeled as a MINLP and solved by a heuristic that is based on the cross-entropy
method. In addition, the non-linear energy conversion process is modeled using a
Sigmoid function. This chapter investigates the impact of learning rate, percentile
and number of samples on the convergence of cross-entropy method. Numerical
results show that the number of iterations required to achieve an optimal solution
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decreases in proportion to the learning rate and percentile due to less exploration.
Moreover, this chapter also considers a small topology to compare the results of all
possible combinations with the solution given by the heuristic. Numerical results
show that the solution of sub-bands assignment given by the heuristic becomes
optimal when all the sub-bands are assigned to each base station.
There are numerous possible future directions. For example, a key assumption
in this thesis is the perfect knowledge of channel condition. A future work is to con-
sider random channel gains. Another possible direction is to consider distributed
resource allocation, where each base station independently determines its own trans-
mit power. Third, Chapter 5 does not consider fairness among both legacy data users
and RF-energy harvesting devices in terms of minimum data rate and energy rate
respectively. A possible future work is to jointly maximize the minimum data rate
and energy rate of legacy and RF-energy harvesting devices.
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